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Abstract

The technique of linear regression has been applied
as a tool for predicting the cost of an item based on its
most important characteristics. Often these characteris-
tics (variables) tend to be highly intercorrelated (the
data are said to exhibit multicollinearity) causing least
squares estimates of the regression coefficients to be
unstable and possibly leading to erroneous predictions.

Ridge regdgression, a possible remedy for the problems

caused by multicollinearity proposed by Hoerl and Kennard,

is a biased estimation technique which reduces the variance
of estimators and provides more precision (as measured by
mean square error of the coefficients) than ordinary least
squares (OLS) estimators.

A comparison was made between these téchniques to
determine when ridge regression provides better cost equa-
tion coefficient estimates than OLS as a function of the
degree of multicollinearity in the data, the number of pre-
dictor variables in the model, the degree of model fit
(RZ), and the amount of bias (k) of the estimate.

Monte Carlo simulation was used to generate data
for linear and log-linear model forms. A regression
analysis of both sets showed that the degree of multicol-

linearity and amount of bias interact in explaining the
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major part of the improvement (degradation) in the mean
square coefficient error.

Estimates of k<0.04 limit the degradation and
allow slight improvements in the MSE for low levels of

multicollinearity and enable large improvements to be made

for higher levels of multicollinearity.
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AN EVALUATION OF RIDGE REGRESSION

IN COST ESTIMATION

I. Introduction

Background

Cost estimation of military and civilian hardware
systems based on a limited amount of information has been
an integral part of development and acquisition processes

for many years. The technique of linear regression has

been applied as a tool for predicting the overall cost of
an item based on characteristics the system possesses.
During the early stages in the life-cycle of a
system, only a limited knowledge of the system characteris-
. tics is available. This is especially true for new systems
which have no existing counterpart. Here, thére is no past
experience or data to draw upon to aid in the analysis.
Later, as the system takes shape, predictions must be made
using only essential data to insure that the predictions
are timely and are made at the minimum cost. Thus, it is
necessary to identify and collect data for the most impor-
tant characteristics of the system, identify the appropriate
model for making the cost prediction, determine the param-~
eters of the model and, finally, make a prediction (point

or interval) of the cost of each item.




pe In cost estimation, only one (or in unusual circum-
stances, a few) prediction(s) of the cost of a system will
be made. Obviously, it is desired that the prediction be
as close to the actual cost incurred as possible. Often
the mdst impor tant characteristics used to predict the cost
(predictor/independent variables) tend to be intercorrelated.
When this intercorrelation is very high, the data are said
to exhibit multicollinearity.

When multicollinearity is present, a tradeoff must

be made between models such as ordinary least sgquares (OLS),

which produce unbiased estimates of the cost, and biased

techniques such as ridge regression which introduce some

bias but reduce the variance of the estimate. The least
squares estimates of the individual regression coefficients
tend to be unstable. This can lead to erroneous predic-

tions, especially if the degree of multicollinearity is

very high. : ﬁ
A possible remedy to the estimation problems caused '
by multicollinearity was introduced by Hoerl and Kennard
.. (Ref 11). Although biased, the estimates of the regression
coefficients tend to have more precision (as measured by
mean square error) than the ordinary least squares esti-
mators (Kendall (Ref 18:37-43) and McCallum (Ref 23: |
110-113)). The ridge technique is directly applicable to

cost estimation because it has the potential of signifi-

cantly reducing the chance of making a truly bad estimate ;

for a single or small number of trials.




The regression model is Y=XB+u where Y is an n x 1

vector of observations on the response variable (cost),

X is an n x p matrix of observations on p explanatory vari-
ables {(characteristics of the system to be cost estimated),
B is a p x 1 vector of regression coefficients and u is an
n x 1 vector of residuals such that E(u)=0 and E(u u')=021.
Ordinary least squares estimates of the regression coeffi-

1 X“Y. On the other hand, for the class

cients are R=(X"X)"
of ridge regression estimators indexed by the parameter
k>0, the estimates of the regression coefficients (for a
given value of k) are @*(k)=(X'X+kI)—l X°Y. As k increases
from zero, bias of the estimates increases. As k continues
to increase without bound, the regression estimates all
tend toward zero.

The total variance, the sum of the variances of the
parameter estimates, is a decreasing function of k. The
idea of ridge regression, as suggested by Hoerl and
Kennard (Ref 12:58-63), 1is to pick a value of k for which
the reduction in total variance is not exceeded by the
increase in bias. Ultimately, forecasts of the response
variable corresponding to values of the explanatory vari-
ables which were not included in the set of data used to

estimate the regression coefficients tend to be more accu-

rate.




Statement of the Problem

A comparison has not been made to determine when
ridge regression provides a better prediction of the cost
of a system than the ordinary least squares estimates
(k=0 for the ridge regression model) as a function of the
degree of multicollinearity in the data, the size of the
model (number of predictor variables in the model), the
degree of model fit (as measured by coefficient of deter-
mination, R2, of the regression model), and the amount of
bias (controlled by selecting values for k) of the esti-
mate. Mean square error of the coefficients is used as
the criterion for evaluating the alternative modeling pro-

cedures.

Objective

The objective of this thesis is to determine when
ridge regression provides a better prediction of the cost
of a system compared to ordinary least squares for data
simulated by varying the amounts of multicollinearity in
the data, the number of variables in the regression model
(2-4), the degree of model fit (RZ), and the amount of bias
controlled by the ridge regression parameter, k. The inves-

tigation considers both linear and log-linear model forms.

Scope and Limitations

The analysis is limited to the comparison of ridge

regression and ordinary least squares estimates within the




constructs of cost estimating relationships where linéar
or log-linear regression models are appropriate.

It is assumed that the correct model form is being
used to analyze the data throughout the investigation; that
is to‘say, the investigation will not consider alternative

model forms.

Assumptions

It is assumed that the error term of the regression
model is normally distributed with mean zero and common

. 2
variance o .

.
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II. Theoretical Background

Least Squares Estimation

The solution to the general linear model Y=XB+u,

where the elements are defined as in Chapter I and E(u)=0

and E(u’u)=02I is §=(X‘X)—l

~

vector B is an unbiased estimate of the coefficient wvector

X°Y. It is well known that the

~

8. The variance of Bj is given by the formula

V(B.) = ¢c..0 (2.1)

where the cjj's are the diagonal elements of (X'X)_l.
According to the Gauss-Markov tﬁeorem (Theil (Ref 35:
119-120)) no linear unbiased estimator has a smaller
sampling variance than the least squares estimator. 1If
the X's have been standardized, so that the X“X matrix is

in correlation form, the (X'X)-l matrix (for a two variable

model) is

1 “F12
2 2

N (l-rlz) (l-rlz)

C = (X‘X) = -r (2.2)
12 1

2 2

(l-rlz) (l-rlz)

L 4

and the estimators of the parameters are

. XY - 1, XY
31 =4 12 2 (2.3a)
l - 2
f12




XY - rlZXlY

B, = 2 (2.3b)
2 1 - r2
12
where ri, is the simple correlation between Xl and X2 and
xiY and XEY are elements of the X°Y vector.
If multicollinearity is present, X, and X, are

1 2
highly correlated and |r12|+l. It can be seen that the

variances and covariances of the regression coefficients
become very large, since V(éj)=cjj02+w as |r12|+1 and
Cov (él,§2)=c1202+iOo depending on whether r12+tl (Ref 10:
428-429). The large variances for B imply that the regres-
sion coefficients are very poorly estimated; they are very
likely to change significantly for small changes in the
date

The constants of proportionality along the diagonal

of the inverse of the correlation matrix (cjj's) are

referred to as variance inflation factors, VIF's. 1In

general, VIF(éj) = —j;f where R? is the coefficient of
1-R.
]
multiple determination resulting from regressing xj on the
2

other k-1 regressor variables. As Rj tends toward 1 indi-

cating the presence of a linear relationship in the X's,

the VIF for the estimated coefficient of xj tends to

infinity. On the other hand, if the explanatory variables

are orthogonal, the VIF's will all equal 1 (Ref 10:429-430).
The average of the variance inflation factors for

a given set of data is denoted as RL where

———— -
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R = : (2.4)

This ratio measures the squared error in the OLS estimators
relative to the size of that error if the data were ortho-

gonal; it is called an "index of multicollinearity."

Ridge Regression Estimation

In ridge regression, the parameter estimates are
obtained by solving E*(k)=(x’x+k1)'lx‘y where k is a non-
negative constant. One approach for selecting the value
of k for the problem, as suggested by Hoerl and Kennard
(Ref 12:64-65), is examination of the ridge trace, a plot
of the estimated values of the parameters as a function of
k. The value of k is selected as soon as the coefficients
stabilize in magnitude. Other methods of selecting the
value of k are discussed in the literature review in
Chapter III.

Properties of the Ridge
Regression Estimator

Ridge estimation produces biased estimates since

the expected value of 8%*(k) is

E[B* (k)] = (X X+kI) 1x°x8 . (2.5)

The variance-covariance matrix is

1

XX (X°x+kI) " Ye? . (2.6)

VAR[B* (k)] = (X “X+kI)




ey

The ridge solution requires some increase in the residual
sum of squares above the least squares sum of squares as
is shown in
[Y-XB* (k) ]~ [Y-XB* (k)] = (Y-XB) " (v-XB)
+ (B*(k)-B) “X"X(B* (k) -B) (2.7)

where (Y-XB) (Y-XB) is the OLS residual sum of squares.

The mean square error function of B* is

E[L2(k)] = E[(B*-B) " (B*-8)]
P -
- o2 ; x./(xi+k)2 + k287 (X" x+kI) 28
i=1 1
p A 2/\
= T Var(Bi) + Bias“(B*) . (2.8)
i=1

The first element is the sum of the variances (total vari-
ance) of the parameter estimates while the second is the
square of the bias introduced when é* is used instead of é.

The total variance is a continuous, monotonically
decreasing function of k and the squared bias is a continu-
ous, monotonically increasing function of k.

Figure 1 shows the qualitative form of the relation-
ships between the variances, the squared bias, and the
parameter k. As is indicated by the dotted line, the sum
of the variance and squared bias, the possibility exists
that there are values of k (admissible values) for which the

~

~
mean square error is less for B* than it is for 8.




FUNCTIONAL VALUE

TOTAL
VARIANCE

RIDGE PARAMETER (k)

Fig. 1. Mean Square Error Functions

Mathematically, it can be shown that E[Li(k)] will
go through a minimum and that the squared bias approaches
BB as an upper limit. As the magnitude of B8°R increases,
the minimum will move toward k=0. Because RB°B is not bound-
less in practice, there should be a value (or values) of
k that will put é* closer to B than §. See Hoerl and
Kennard (Ref 12) for proofs and complete development\of the

theory.

The Ridge Trace

The ridge trace is a two-dimensional plot of the

ridge coefficient estimates, é*(k), against k. It helps

10
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provide an insight into the structure of thc problem and
the sensitivity of the results to the particular set of
data at hand. For nearly orthogonal data, the ridge trace
provides little additional information. However, as multi-
collinearity in the data increases, the ridge trace
stabilizes more rapidly (the rate of change of the standard-
ized coefficients gets rapidly smaller) providing a signifi-
cant contribution in the analysis of the problem (for
example, see Hoerl and Kennard (Ref 13)).

The ridge trace is a characterization of a con-
strained optimization problem. The residual sum of squares

of an estimator B of the vector B is

(Y-XB) “(Y-XB)

o
]

(Y-XB) “ (Y-X8) + (B-B) "X X (B-8)

CDLS + ¢(B) (2.9)

which is the minimum found by the least squarés solution
plus the value of the quadratic form. A move from the
minimum sum of squares point (¢LS) might be reasonable if
the length of regression vector (B) could be shortened.

The ridge trace follows a path through the sum of
squares surface so that for a fixed value of ¢, a minimum
value of B is chosen. Stated mathematically, the optimiza-
tion problem is

minimize BB

subject to (B-B8) 'X“X(B-B) = @o . (2.10)

11
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Using the Lagrangian approach, the solution to the problem
is

B = f* = (x"x+kD) L x°y ,

the ridge estimator where k is chosen to satisfy the con-
straint (equation 2.10). In practice, it is easier to
choose k>0. This results in an increase in the residual
sum of squares and reduction in the RZ, however, it allows
for minimization of the regression vector.

Monte Carlo Simulation of
the Data

The comparison of ridge and least squares estimators
requires a large number of trials. Consequently, Monte
Carlo simulation was used to generate 1,000 data sets for
each §f the predictor variable combinations. Several sub-
routines from the International Mathematical and Statisti-
cal Library, IMSL (Ref 15), were used in FORTRAN programs
DATA and DATAL to generate the predictor and criterion vari-
able values for the linear and log-linear model forms. The
FORTRAN statements in these programs are contained in
Appendices A (program DATA) and B (program DATAL).

For the linear model, subroutine GGNSM was used to
produce the predictor variable deviate vectors with known
correlation matrix from a multivariate normal distribution.
Corresponding criterion variable values were generated by
adding a mean corrected random error deviate from a uni-
variate normal distribution (subroutine GGNML), adjusted to

12




variance 02, to a linear combination of the predictor vari-
able deviates and known coefficient parameters (8's).

For the log-linear model, the predictor variable
vectors were produced by mean correcting the natural
logarithms of the multivariate normal deviates generated
by subroutine GGNSM. The criterion variable values
(In(Y) 's) were generated by adding a random error similar
to that described for the linear model to a linear combina-
tion of the known coefficient parameters and the predictor
variable values (1n(X)'s).

The random error terms of both models were mean
corrected so that the X's, Y's, 1In(X)'s, and 1ln(Y)'s would
have zero means and the resulting regression models would
have no Y-intercept term. The coefficient parameters were
chosen as 1's for all trials so that all variables would
have equal weighting in the analysis.

The relative magnitude of the random error term,
with respect to the value of the linear combination of the
known coefficient parameters and predictor variables, was
used to control the model fit (RZ). The correlation matrix
for the simulated predictor deviates was used to control
the size of the variance inflation factors. Separate data
was generated for each model size (2, 3, or 4 variable
models); however, the same random number seed was used for
all data sets.

In keeping within the usual limitations of cost
estimating data sets, a sample set of 20 random vectors was

13
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used to perform each least squares and ridge regression
analysis. Similar analyses of the 1,000 random sample

sets provided the data for comparison of the two estimators.

Predictor Variables

The predictor variables for the model used to com-
pare OLS and ridge estimator performance include the
number of variables (NVAR), the value of k (K), the index
of multicollinearity (RL), and'the model fit under least
squares (RSQ). Each variable will be explained in detail
in succeeding paragraphs.

To determine the impact of model size on comparison
of estimators, the analysis was performed for 2, 3, and 4
variable models. Data for each model size was generated
using different correlation matrices. The correlation
matrices were chosen so as to have reasonably similar
determinants for the three levels of multicol;inearity
investigated.

The value of k was chosen by analyzing the ridge
trace and the variance inflation factors for the first
sample set. Once a value of k was selected, it was used

for all 1,000 analyses.

The index of multicollinearity was chosen as

14




It measures the squared error in the OLS estimators rela-
tive to the size of that error if the data were orthogonal
(Ref 1:183). 1t is interesting to note that this index
can also be thought of as the average variance inflation
factof of the (X'X).l matrix since p is the number of pre-
dictor variables. The mean of the average variance infla-
tion factors for the 1,000 trials was treated as the pre-

dictor variable RL. .

The model fit is measured by coefficient of deter-

mination (RZ), the ratio of SSR (sum of squares regression)
and SST (sum of squares total) in the regression model. The
mean of the least squares R2 (RSQLS) for the 1,000 trials

was treated as the predictor variable RSQ.

Measure of Effectiveness

The criterion for evaluation of the two estimators
is the mean square error (MSE) of the regression coeffi-
cients. The mean square error for the vector(B)i, least

squares solution for trial i, is defined as

For the 1,000 trials, the average MSE (B) becomes

1000 ~
L MSE(B)

15
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Similarly, the mean square error for the vector (8 )i' ridge

regression solution for trial i, is defined as

Msa(é*)i = E{

2 2
* o
; (Bj Bj) 1 - (2.14)

it =20

1

For the 1,000 trials, the average MSE (B*) becomes

1000 -
b MSE(B*)i
i=1

MSE(B¥) = 1000 . (2.15)

The ratio of these averages,

MSE (8)

—— ’ (2-16)
MSE (8%*)

indicates the relative improvement or deterioration of the
ridge regression model with respect to the least squares
model in a mean square error sense. A ratio greater than
one indicates an improvement by the ridge regression; the
greater the ratio, the greater the relative improvement.

A ratio less than one indicates that the ridge regression
model provides a worse model in the mean sguare error sense;

the smaller the ratio, the worse the model.

16




III. Literature Review

Introduction

A considerable amount of research has been done
based on the results of Hoerl and Kennard (Ref 12) who pro-
posed and developed a comprehensive theory supporting the
argument that it is helpful to augment the diagonal of the
normal equations matrix by a small positive quantity in
order to prevent "inflation" of the elements of the regres-
sion coefficient vector. The most significant portion of
the research has been focused in the following areas:

1. Estimation methods for the value of k, the
ridge bias parameter.

2. (a) Development of other ridge estimators and
the comparison of these estimators with the standard ridge

estimator, B*=(X'X+kI)_l

X’Y, and the ordinary least squares
estimator.

(b) Development of alternative solutions to the
ridge trace and generalized ridge regression procedures
presented in Hoerl and Kennard (Ref 12:63-66).

3. (a) Development of the theoretical properties
of the ridge regression family of estimators.

(b) Attempts to identify the probability dis-

tribution of ridge estimators.
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4. Alternative methods to MSE of the coefficients
for evaluating the regression estimates.

5. Simulation studies comparing ridge and other
biased estimators with unbiased estimators (principally
OLS) using Monte Carlo techniques.

6. Studies dealing with the practical application

of ridge regression.

Estimation Methods for k

In their original papers (Refs 12; 13), Hoerl and
Kennard discussed the use of the ridge trace as the "best
method for achieving a better estimate B*" with respect to
mean square error. This method involves selecting a single
value of k (all ki=k) once the system has stabilized and
has the general characteristics of an orthogonal system.
Although reasonably simple, this method has been criticized
by Smith and Campbell (Ref 33), Thisted (Ref 36),
Van Nostrand (Ref 37), and others who oppose restricting
the parameters of the model and mechanically manipulating
the data without knowledge of the phenomena being modeled
(using a priori information about the coefficients).

Another approach presented in the original papers
to achieve a better estimate é* was generalized ridge
regression (GRR). The general linear regression model
¥Y=XB8+u is reduced to canonical form by transformations
so that the X“X matrix is diagonal. Iteration is used to

find optimal ki's which achieve stability ir estimates in
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the canonical form. The GRR estimates are obtained from
the canonical model estimates through an inverse transforma-
tion.

As an alternative to the iterative approach of
Hoerl-and Kennard, Hemmerle (Ref 9) proposed a non-iterative,
closed form solution. This solution was shown to depend on
certain convergence/divergence conditions which related to
the ordinary least squares estimator. When the proper con-
ditions are met, an explicit solution for the optimum
canonical model estimates is obtained leading directly to
estimates of the ki's.

Directed ridge regression, a modification of the
procedure of Hoerl and Kennard, was proposed by Guilkey and
Murphy (Ref 4). This method alters only diagonal elements
corresponding to low eigenvalues in an attempt to produce
less bias in the coefficient estimates than methods that
alter all the diagonal elements.

Other Ridge Related Estimators
and Solution Techniques

To overcome the objections to using a subjective
estimate of k (or ki's), a number of estimators for k have
been suggested. Hoerl, Kennard, and Baldwin (Ref 14) pro-
posed the estimator k=p82/é'é where B and p have been
defined previously and 82 is an unbiased estimate of 02.
McDonald and Galarneau (Ref 24) suggested "ridge-type"

estimators formed by first estimating the squared length

of the unknown coefficient vector and then choosing the
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value of k so that the ridge estimator squared length was

equal to this estimated quantity.

Since
ALn . > P
E (B°B) =8B + 0 z (1/Ai) (3.1)
i=1
the quantity
I "2 p
Q=88 ~0 z (l/Ai) (3.2)
i=1

is an unbiased estimator of B“B. Therefore, for Q>0
McDonald and Galarneau suggested the estimator ék’ such
that ék'ék=Q. For Q<0, they suggested selecting k equal to
zero (OLS estimator) or infinity (zero vector estimate).

Simulations by both sets of authors have shown that the

estimators did well for some selections of the parameters

but worse for others as compared to the OLS estimator.
McDonald and Galarneau also concluded that the performance
of the ridge estimators depended on "the variance of the
random error, the correlations among the explanatory vari-
ables, and the unknown coefficient vector."

A computer iteration technique for finding the k
value associated with the minimum mean square error of
estimation was proposed by Kasarda and Shih (Ref 17).

This technique is based on the monotonic properties of the
total variance and squared bias terms as shown by Hoerl
and Kennard (Ref 12:60-63). The MSE is estimated by a

variable (MSE) which, through computer iteration, converges
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on the minimum point, yielding the optimum k value. This
technique is also applicable to the directed ridge regres-
sion approach discussed earlijer.

Another alternative to subjectively selecting a k
value; the minimum mean square error estimator, was pro-
posed by Farebrother (Ref 3). This estimator was extended
and simulated in Vinod (Ref 39) where it was found to be
inferior (in MSE) to a Stein-Rule estimator (see Judge,
Bock and Yancey (Ref 16) for a detailed study of Stein-
Rule estimators) .

Several nonstochastic estimators of k have been
proposed by Gunst and Hua (Ref 6) and Vinod (Ref 38). The
two methods proposed by Gunst and Hua include one where k
is chosen so that [X“X+kI|=1 (forcing the ridge system to
behave orthogonally) and a second where k is chosen so
that the largest variance inflation equals 4. The method
proposed by Vinod involves choosing k so that the "multi-

collinearity allowance"

-1
AL (AL . .
J( J+k) (3.3)

3
]

p - .
3

it o

1

Here, m has the interpretation as the assigned deficiency
in the rank of (X'X). The value of k is found iteratively
once the rank deficiency has been assigned. Vinod also
proposed using a "ridge trace" as a function of the multi-
collinearity allowance (m) instead of the standard ridge

trace (function of k). He proposed the Index of Stability
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of Relative Magnitudes (ISRM) to quantify the stable
region of m values.

Gunst and Hua (Ref 6:8-21) found that use of the
minimum ISRM proposed by Vinod performed erratically and
often‘indicated several local minima, one of which had to
be subjectively selected. They also found fault with the
nonstochastic rule requiring |X“X+kI|=l. 1In some cases,
the determinant of X“X matrix was so small that a large
value of k caused the bias of the ridge estimator to over-
come the reduction in variance negating the advantage of

using ridge regression.

Theoretical Properties of

Ridge Estimators

Several theoretical studies were conducted to pro-
vide additional information about the properties of ridge
estimators. Hawkes and Alam (Ref 8) discussed the theoreti-
cal properties of ridge estimators using both classical
and Bayesian statistics. They showed that for certain
choices of k, depending on Y, the ridge estimator had uni- -
formly smaller mean square error than the least squares
estimator, provided that a number of the characteristic
roots of the X“X matrix were sufficiently small.

An investigation of the probability distributions
of ridge estimators was conducted by Lewis (Ref 20) so
that hypothesis tests and computation of confidence bounds
could be made for 8*. It was found that the distribution

of B* depended on the objective rule used to select k.
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The objective rules selected by the author did not 1lead

to useful probability distributions.

Alternative Evaluation Methods

The majority of the studies comparing estimators
used the concept of mean square error of the coefficients
as the criteria for evaluation. Gunst and Mason (Ref 7),
on the other hand, used integrated mean square error
(IMSE) in evaluating ridge, principal component, and least
squares estimators. This method was found to introduce the
problem of choosing a weighting function to determine the
IMSE in addition to the other estimation problems. Also,
the results were not considered conclusive since the deter-
mination of the effects of variakliec oclection on the tech-
nique and the impact of restrictions on the estimators used
in the analysis required more research.

Simulation Studies of Ridge
and Other Estimators

Many comparisons have been made between ridge
regression and other estimators using the Monte Carlo
simulation technique. Newhouse and Oman (Ref 29) performed
a study which was restricted to the case of two predictors
having two different values of r, the correlation between
predictors, and a number of methods for choosing k. They
concluded that for the two variable case the ridge esti-
mators l.:d worse than the OLS estimators for at least some

of the models. The failures were "by a sufficient margin
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and in a ‘'sufficient' number of cases" that they recommended
against use of ridge regression. As was pointed out in
Eskew (Ref 2:18), however, Sclove (Ref 32) showed in 1967
that no estimator is better in the total mean square error
sense than the least squares estimator when only two param-
eters are estimated. Therefore, the experimental results
of Newhouse and Oman only confirm the theoretical work of
Sclove.

Lawless and Wang (Ref 19) found results contrary
to Newhouse and Oman in their evaluation of ridge estimators.
Further, they concluded that it may not be worthwhile to
consider generalized ridge estimators since they were
found to have inferior mean square error properties than
the ordinary ridge estimators.

Simulation results by Newman (Ref 30) supported

the first conclusion of Lawless and Wang. He showed that
the ridge estimator é*(k), found by selecting the value of
k from the ridge trace, outperformed other estimators

including least squares.

oo |

Mitra and Ling (Ref 27) found several ridge esti-

o mee——

mators, those proposed by Hoerl, Kennard and Baldwin (Ref
14) , Farebrother (Ref 3:128), McDonald and Galarneau ;
(Ref 24:409, rule 2), Hoerl and Kennard (Ref 12:63), é
Guilkey and Murphy (Ref 4:770), and several others, superior |

to the OLS estimator (in mean square error) and provided |
a ranking of these estimators based on parameters of the :

basic regression model.




Su and Chai (Ref 34) performed a comparison of the

ridge estimator proposed by Hoerl, Kennard and Baldwin
and the least squares estimator using squared error of
estimation (L2=(B-B)'(B-B)), squared error of prediction
i (SSE=W=§)’(Y—§)), and cross validity (the Pearson's pro-
duct moment correlation between the observed values in the
second sample and the predictions made for the second
sample using the ridge estimator estimated from the first
sample) . The results showed that the ridge estimator was
better for nonorthogonal data and the least squares esti-
mator better for orthogonal data (except in one case).

A study by Lindell (Ref 21) considered ridge (Hoerl,
Kennard and Baldwin (Ref 14)), ordinary least squares, and
jackknife estimators (Mosteller and Tukey (Ref 28)) evalu-

ated using the criteria of mean square error of the coeffi-

cients and the size of the t-statistics associated with
these coefficients. The design considered two factors,

the sample size to number of predictors ratio (N/p) and the
metric quality of the data (dichotomous and polychotomous
data were used to assess the sensitivity of the estimators

to different levels of violation of the regression assump-

tions). The results of the study showed that the ridge
estimator performed better for smaller N/p ratios and worse
for higher levels.

Eskew (Ref 2) and other authors, some of whom
include Lindley and Smith (Ref 22), Smith and Campbell

(Ref 33), Thisted (Ref 36)[ and Vvan Nostrand (Ref 37), have
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proposed the use of "a priori" information along with

ridge regression in the estimation of the regression coeffi-
cients (Bayesian approach). 1In this approach, if the prior
estimate of the coefficients is closer than the origin
(zero-prior of the classical ridge estimator) to the true
model parameters, then the squared bLias of the ridge esti-
mators will be reduced without an increase in variance.

This results in an even greater improvement over the OLS
estimator (in mean square error). Eskew showed that with
"good" or even "fair" prior information that the ridge
method was superior to OLS for estimation of the model

parameters.

Practical Application Studies

Some practical aspects of ridge regression have
been addressed by Marquardt and Snee (Ref 26) and Gunst
({Ref 5). Three practical application examples were pre-
sented in Marquardt and Snee. They noted tha£ models with
no constant term required a smaller value of k (often < .01)
than models with a constant term. Also, they claimed that

models with lower R2

statistics required larger values pf
k than better fitting models. The study further showed
that the ridge regression coefficients performed better
for prediction and extrapolation than least squares and
were useful for selecting variables. Hocking (Ref 11:11,

23,28-31,37-44) also supported the use of ridge regression

for variable selection.
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Gunst applied ridge regression and two other
biased estimators to a data set of automobile emissions,
A number of selection rules for determining k were tried
yielding similar estimates from the data. The resulting
ridge model generated coefficients with magnitudes and
signs inconsistent with a priori beliefs. However, it was

judged superior to the OLS model.

Conclusions

The ridge regression technique has been shown to
possess valuable theoretical and empirical properties
which appear advantageous when the predictor variables are
collinear. Many methods have been suggested for determining
the amount of bias which is "optimal." The body of
research has shown that no one method of choosing k is
clearly superior to the others.

In terms of mean square error of the coefficients,
improvements can be made for prediction and exfrapolation
by using ridge regression. The criticisms of several
authors have pointed out that ridge regression must be used
carefully in order to fulfill two important requirements:
the model produced must make sense from the physical nature

of the problem, and it must provide predictions close to

reality.
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Iv. Research Methodology

Overall Approach

The overall approach of the investigation involved !
generating mean square error data for various levels of

the independent variables (RSQ, RL, NVAR, and K) and ana-

lyzing this data using a linear regression model to deter- !
mine which factor(s) produced a significant impact on the

mean square error improvement (degradation) for the ridge i

versus OLS models. The regression approach was chosen

because the independent variable levels could not be spe-

cified as is required for the treatments in an Analysis

of vVariance (ANOVA). 1In particular, the variables RL and

RSQ were outputs of programs DATA and DATAL controlled by

a correlation matrix with varying intercorrelations and i
dimensions (for RL) and the variance of the random error ‘

of the known model (for RSQ).

Model Development

A FORTRAN program, RIDGE, developed by McNichols f
(Ref 25) from theory presented in Chatterjee and Price

(Ref 1:181-187), was used to portray the ridge trace and !
provide other outputs for the first data set (20 random

vectors). The computer code for this program is contained

in Appendix C.
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The outputs of program RIDGE consisted of the

following:

1. Sample means and standard deviations of both
dependent and independent variables.

2. Sample covariance matrix of all variables.

3. Values of the standardized coefficient esti-
mates,g*, for each value of k.

4. Values of the unnormalized coefficient esti-
mates (B for k=0 and B* for k>0) for each value of k com-

puted from

B .* = b*(sj/sy) (4.1)
where sj is the sample standard deviation of the jth vari-
able and sy is the sample standard deviation of the depen-
dent variable.

5. Values of the Variance Inflation Factors (VIF's)
for each coefficient at each value of k. The VIF's are the

diagonal elements of the matrix

1 1

(X X+kI) © XX (X X+kI) ™ (4.2)

which when multiplied by 02 is the variance/covariance
matrix of b*.

The values of k were selected at three or more
levels including k=0 (OLS solution), the k value corres-
ponding to all VIF's less than or equal to 10 (where appro-

priate), and others selected where the ridge trace
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(standardized coefficient estimates) and VIF'sappeared

to stabilize.

A modified RIDGE program was used to perform 1,000
Monte Carlo trials using the k value selected by reviewing
the oufput from RIDGE. A listing of the program is con-
tained in Appendix D. The program generated the following
data for each trial (the variables listed are SPSS vari-
able names used in the CONDESCRIPTIVE analysis discussed
below) :

1. Unstandardized coefficient estimates (vari-
ables BLS1 to BLS4).

2. Ridge coefficient estimates (variables BR1l to
BR4) .

3. Variance Inflation Factors for the OLS solution
(k=0) and selected k value (variables VIFLS and VIFR,
respecﬁively).

4. Model fit (R2) for the OLS solution (variable
RSQLS) and selected k value (variable RSQR).

5. 1Index of multicollinearity (variable RL).

6. Mean square error for the OLS solution and
selected k value (variables MSELS and MSER, respectiveiy).

Several statistics were computed using subprogram
CONDESCRIPTIVE of SPSS (Statistical Package for the Social
Sciences) (Ref 31) for the data produced by the Monte Carlo
RIDGE program.

The mean, standard deviation, variance, range, and

minimum and maximum values for each variable (dependent and
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independent) were computed from the 1,000 cases at both
the k=0 and selected k>0 levels.

The independent variables for the regression analy-
sis (RSQ, RL, NVAR, and K) were taken from both the
CONDESCRIPTIVE output (RSQ and RL) and the Monte Carlo
inputs (NVAR and K). The variable RSQ was the mean of the
R2 values for the 1,000 trials; RL was the mean of the RL's
for the trials.

The dependent variable for the regression analysis
was the mean square error ratio (MSERATIO) as defined and
interpreted in Chapter II. The numerator, MSELS, was com-
puted in the Monte Carlo analysis for k=0; the denominator,
MSER, for the selected k>0 value. The ratio (MSELS/MSER)
was computed in the regression analysis through use of a

COMPUTE statement (Ref 31:96-97).

Generation of the Data

The levels of the independent variables were chosen
to generate data consistent with the usual limitations of
cost estimating data sets. Each variable will be dis-
cussed separately in the succeeding paragraphs.

Three levels of RL were considered corresponding
to low (RL (mean) approximately equal to 1.5 - 2), medium
(approximately 10), and high (approximately 100) degrees of
multicollinearity. RL values below 1.5 were considered
too orthogonal and above 120 excessively collinear. The

correlation matrices (dimensions 2-4) used to generate the
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independent variable deviates (X's) were chosen from actual

R e

data sets by evaluating the determinant of each matrix and
grouping matrices with similar determinants together (one
from each dimension). Correlation matrices with deter-
minants very close to zero produced data with high multi-
collinearity; matrices with large determinants produced
near-orthogonal data.

Only models with RSQ values between 52 and 99.8
percent were used in the analysis since estimates involving
cost would not trequently be made with models of poorer fit.

Separate data were generated for models of each size

(NVAR) ; however, the same random number seed was used to

generate each set of data. Three SPSS programs were neces-
sary to analyze the data output from the Monte Carlo RIDGE
program due to the three model sizes considered. The com-

puter code for these programs is contained in Appendix E.

Analysis of the Data

The REGRESSION subprogram of SPSS was used as the
descriptive tool to identify the structural nature of the
relationship between mean square error improvement (degrada-
tion) of ridge versus OLS models as a function of linear
combinations of the predictor variables. For this problem
it was appropriate to isolate the smallest subset of pre-
dictor variables that yielded the greatest impact on the

model. Therefore, the stepwise solution procedure was

selected. This procedure combined forward inclusion, the




entering of independent variables that met pre-established

statistical criteria, with deletion of variables that met
specified exit criteria at each successive step.

The variables considered by the model included the
four predictor variables, all first order cross products
(six interaction terms), and squared predictor variable
terms.

The principal criteria for evaluating the terms
of the model included the following:

1. Comparing the coefficient of determination
(R2) for each model step.

2. Comparing the relative size of the partial
F-statistics for all variables within each model step.

3. Comparing the relative size of the partial
F-statistic for the wvariables entered during each model
step.

The size of the coefficient of determination was
interpreted as the percent of total variation explained by
the variables in the regression model. The change in the
R2 for a step indicated the additional percentage of vari-
ation explained by the variable entering the model, given
the variables already in the model. For this analysis, the
R2 statistic was clearly the most important measure for
determining the key variables (terms).

The size of the partial F-statistic for each vari-
able within a model step indicated the significance (rela-

tive importance) of that variable with respect to the model
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formed for that step. The most significant variable con-
tained the highest partial F-statistic and so on.

The partial F-statistic for each variable entering
the model was compared between model steps as a further
measufe of the relative importance of each additional vari-
able to the model.

The SPSS programs used to perform the regression
analysis are contained in Appendix F. The output from these

programs will be presented and discussed, along with the

results, in Chapter V.




V. Results and Conclusions

Linear Model Data Analysis

The regression analysis of the linear model data
produced a seven variable model. This model was based on
115 cases which are presented in Appendix G. A summary of
the linear model regression results is contained in Table 1.

Based on the criteria used to evaluate the terms
of the model discussed in Chapter 1V, the key term in the
model was determined to be CROSS4, the cross product of K
and RL. This term explained 82.6 percent of the total vari-
ation in the data and was much more significant than the
other terms entering the model as is shown by the partial
F-statistics under the "F to enter or remove" column of
Table 1. Also, throughout all of the regression steps, the
CROSS4 term remained much more significant than the other
variables. This is shown in columns "Partial F of CROSS4"
and "Partial F of the Next Most Significant Term."

Because of the high amount of variation explained
by the CR0OSS4 term, the small contributions made in explain-
ing the remaining variation by the other terms, and the
relative sizes of the partial F-statistics discussed above,
CROSS4 was selected as the key variable explaining nature
of the relationship between mean square error improvement

(degradation) of the ridge versus OLS models.
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Graphical Analysis of the
Linear Model Data

The interrelationship of the variables in the
CROSS4 term is shown in Figure 2. The graph is a plot of
MSERATIO (improvement/degradation of the ridge versus
OLS model) versus K at fixed levels of RL. For two of the
lower values of RL (1.536 and 1.830), the results were
mixed. Slight improvements (MSERATIO between 1.0 and 1.60);
were shown for 16 cases; however, slight degradations
(MSERATIO between 0.19 and 1.0) were shown for 4 cases.
for RL levels 2.196 to 13.424, greater improvements
(MSERATIO between 1.0 and 4.16) were made while there were
no degradations. The size of the improvements increased
consistently with k for a given level of RL and with RL
for a given level of k. For high levels of RL (50.841 to
119.772), large improvements (MSERATIO between 1.0 and
86.94) were realized, especially for models of poorer fit
(R2 values of 90 percent or lower).

Results of the Linear
Model Biialysis

For the linear model, ridge regression provided the
greatest MSE improvement in situations with high multicol-
linearity, especially for models with an R2 vaiue of 90
percent or lower. Only in a few situations did the tech-
nique show a degradation in the mean square error. These
were due to overestimating the value of k, causing the bias

to overcome the reduction in variance of the ridge
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estimator. Consequently, conservative estimates of k, less
than or equal to 0.04, limit worsening the mean square error
for data with low RL values (RL less than 2) and enable
larger improvements to be made for more collinear data (RL

greater than 2).

Log-Linear Model Data Analysis

The regression analysis for a log-linear model data
produced a nine variable model. The model was based on 108
cases which are presented in Appendix H.

Using the same evaluation criteria as the linear
model, CROSS4 (cross product of K and RL) was again selected
as the key term explaining the improvement (degradation)
in the MSE. A summary of the log-linear regression results
is contained in Table 2.

For the log-linear model, the CROSS4 term explained
92.4 percent of the total variation in the data; each of
the remaining eight terms explained less than 0.9 percent
of the variation (contributed less than .009 to the R2 sta-
tistic) as they were added to the model.

As in the linear model, CR0SS4 was much more sig-
nificant (partial F-statistic to enter equal to 1280.23)
than any other variable entering the model. The next most
significant term was CROSS6 with an F to enter of 15.28.
Throughout the iterations of the stepwise regression,

CROSS4 remained the most significant term by a wide margin
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as is shown in the comparison of partial F-statistics of

CROSS4 and the next most significant term in Table 2.

Graphical Analysis of the
Log-Linear Model Data

The interrelationship for the variables in the
CROSS4 term of the log-linear model is shown in Figure 3.
The graph shows results very similar to the linear model.
Mixed results were obtained for RL values 1.528 and 1.836.

As with the linear model, the degradations were due to

overestimates of k. Slight improvements (MSERATIO between
1.0 and 1.18) were shown for 21 cases while 3 cases showed
a slight degradation (MSERATIO between .25 and 1.0) in the
mean square error. Similar improvements (MSERATIO between
1 and 3.66) were shown for RL levels between 3.174 to
12.127 as the 2.196 to 13.424 levels in the linear modiel,
Again, greater improvements (MSERATIO between 1.0 and

64.29) were made for RL levels 50.926 to 120.029 with the

v gty e B e R

largest corresponding to models with poorer fit (R2 values

of 92 percent or lower).

p-yew—

Results of the Log-Linear
Model Analysis

The overall results of ridge regression for the
log-linear model are the same as those for the linear
model. Conservative estimates of k, less than or equal to
0.04, limit the worsening effects of bias in the ridge

regression estimates (RL values less than 2) while enabling
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more significant improvements to be made for data with

higher degrees of multicollinearity (RL values greater than

3).

Conclusions

The regression and graphical analyses showed, within *
the limitations and assumptions of the investigation, when
ridge regression provided a better estimate of the coeffi-
cients of a system cost model compared to ordinary least
squares for simulated data. From the regression analysis,

the interaction of the value of k and the degree of multi-

collinearity (RL) determined the amount of relative improve-
ment in the mean square error. The graphical analysis
showed in detail how the variables interacted and what
degree of improvement (degradation) could be expected from
the data.

In using the ridge trace to select the value of k,
it was important to consider the tradeoff between reduction
in variance and increase in bias on the mean square error
of the coefficient vector. Conservative estimates (k<0.04)
allowed for reduction in variance desired in the biased
estimate for RL values as low as 1.536 for the linear model
and 1.528 for the log-linear model. Further, the ridge
trace and variance inflation factors of the (X’X)_l matrix
were valuable in choosing the value of k, particularly for

RL levels greater than or equal to five.
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Recommendations

Based on the results of this investigation, it is
recommended that ridge regression be used as a tool to
construct cost estimating models for data exhibiting
multicollinearity. It is particularly valuable for high
levels of multicollinearity (RL levels greater than 50)
but alsoc shows moderate improvements in MSE for lower RL
levels (RL levels as low as 2).

The ridge trace and ariance inflation factors

can be used to select k which determines the amount of bias

in the regression coefficient estimates. It is recommended
that conservative estimates be made so that k is less than
or equal to 0.04. However, for data producing one or more
of the VIF's greater than or equal to 10, the estimate of

k should be large enough to reduce the largest VIF to below
10. A priori information about the signs of the coeffi-
cients can also be used, within the boundaries recommended,
in constructing the model. The value of k is selected
after the standardized coefficients have stabilized to

the "correct" sign and magnitude. ;

Suggested Follow-on Research

Further research could be directed at comparing
predictions of the ridge and OLS models using actual data.
These comparisons could be made using several existing

statistics used by cost analysts.
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Further Monte Carlo comparisons could be con-

ducted examining prediction intervals of the two esti-
mators. Selection of the appropriate technique might be
based on the smallest prediction interval as an alternative
to imérovements in mean square error of the coefficient
vector.

Finally, continued research could be conducted com-

paring the different methods for selecting k, using the
basic variables considered in this study. Although the
ridge trace and variance inflation factors provided valu-
able information for selecting a value of k, additional
guidance concerning non-subjective methods for choosing k
could simplify the modeling procedure and lead to expanded

use of the ridge technique in the area of cost estimation.

o e

45




Bibliography

‘ 1. Chatterjee, Samprit, and Bertram Price. Regression
Analysis by Example. New York: John Wiley and Sons,
Inc., 1977.

2. Eskew, Henry L. Ridge Regression with Non-zero Priors: a
! Some Monte Carlo Results. Annual Report: Volume II. ‘
Alexandria, Virginia: Administrative Sciences Corpora-
tion, August 1973.

3. Farebrother, R. W. "The Minimum Mean Square Error
| Linear Estimator and Ridge Regression," Technometrics,
‘ 17:127-128 (February 1975).

4. Guilkey, David K., and James L. Murphy. "Directed
Ridge Regression Techniques in Cases of Multicollinear-~
ity,"” Journal of the American Statistical Association,
70:769-775 (December 1975).

5. Gunst, Richard F. Biased Regression: A Ten Year Per-
spective. Technical Report. Dallas, Texas: Department
of Statistics, Southern Methodist University, November
1980. (AD AQ91551)

6., =--—--- , and Tsushung A. Hua. Nonstochastic Techniques
for Selecting Ridge Parameter Values. Technical Report .
79-57. Dallas, Texas: Department of Statistics, i
Southern Methodist University, January 1978. ﬂ
(AD A064838) i

7. Gunst, Richard F., and Robert L. Mason. "Some Con-
siderations in the Evaluation of Alternate Prediction :
Equations," Technometrics, 21:55-63 (February 1979). i

8. Hawkes, James S., III, and Khursheed Alam. Ridge ¢
Regression for the Linear Regression Model. Technical
Report 240. Clemson, South Carolina: Department of
Mathematical Sciences, Clemson University, February
1977. (AD A082178)

9. Hemmerle, William J. "An Explicit Solution for ;
Generalized Ridge Regression," Technometrics, 17:
309-314 (August 1975).

46




X}

10.

11.

12,

13.

14.

1s5.

le.

17.

20.

21.

K

Hines, William W., and Douglas C. Montgomery. Proba-
bility and Statistics in Engineering and Management
Science (Second Edition). New York: John Wiley and
Sons, Inc., 1980.

Hocking, R. R. "The Analysis and Selection of Vari-
ables in Linear Regression," Biometrics, 32:1-49
{March 1976).

Hoerl, Arthur E., and Robert W. Kennard. "Ridge
Regression: Biased Estimation for Nonorthogonal Prob-
lems,"” Technometrics, 12:55-67 (February 1970).

————— . "Ridge Regression: Applications to Ncnortho-
gonal Problems," Technometrics, 12:69-82 (February 1970).

----- , et al. "Ridge Regression: Some Simulations,"”
Communications in Statistics, A4:105-123 (1975).

IMSL. Computer Subroutine Libraries in Mathematics
and Statistics (Eighth Edition). Houston, Texas:
International Mathematical and Statistical Libraries,
Inc., 1980.

Judge, George G., et al. "Post Data Model Evaluation,"
Review of Economics and Statistics, 56:245-253 (May
1974).

Kasarda, John D., and Wen-Fu P. Shih. "Optimal Bias
in Ridge Regression Approaches to Multicollinearity,”
Sociological Methods and Research, 5:461-470 (May
1977) .

Kendall, M. G. A Course in Multivariate Analysis.
London: Charles Griffin Publishing Company, 1957.

Lawless, Jerald F., and P. Wang. "A Simulation of
Ridge and Other Regression Estimators," Communications
in Statistics, A5:307-323 (1976).

{
Lewis, Edgar B. "An Investigation of the Probability |
Distribution of the Ridge Regression Estimator for J
Linear Models." Unpublished Masters Thesis. Monterey,
California: Naval Postgraduate School, March 1976. |

Lindell, Michael K. Jackknife, Ridge and Ordinary |
Least Squares Estimators of Regression Parameters:

A Monte Carlo Comparison. Technical Report SSR 177-1.
Seattle, Washington: Battelle Human Affairs Research
Center, September 1979.

47




22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

Lindley, D. V., and A. F. M. Smith. "Bayes Estimates
for the Linear Model," Journal of the Royal Statisti-
cal Society (Series B), 34:1-41 (August 1974).

McCallum, B. T. "Artificial Orthogonalization in
Regression Analysis," Review of Economics and Sta-
tistics, 52:110-113 (February 1970).

McDonald, Gary C., and Diane I. Galarneau. "A Monte
Carlo Evaluation of Some Ridge-Type Estimators,"
Journal of the American Statistical Association, 70:
407-416 (June 1975).

McNichols, Charles W. "RIDGE, A Program to Support
Ridge Regression Analysis," program documentation.
Wright-Patterson AFB, Ohio: Air Force Institute of Tech-
nology, Department of Operational Sciences (undated).

Marquardt, Donald W., and Ronald D. Snee. "Ridge
Regression in Practice," American Statistician, 29:
3-20 (February 1975).

Mitra, Amitava, and Robert F. Ling. A Monte Carlo
Comparison of Some Ridge and Other Biased Estimators.
Technical Report 272. Clemson, South Carolina: Depart-
ment of Mathematical Sciences, Clemson University,
January 1978.

Mosteller, R., and J. W. Tukey. "Data Analysis
Including Statistics," The Handbook of Social Psy-
chology, edited by G. Lindzey and E. Aranson. Reading,
Mass.: Addison-Wesley Publishing Company, 1968.

Newhouse, Joseph P. and Samuel D. Oman. An Evaluation
of Ridge Estimators. Rand Report R716-PR. Santa Monica,
CA., Rand Corporation, April 1971.

Newman, J. Robert. Differential Weighting for Predic-
tion and Decision Making Studies: A Study of Ridge
Regression. Technical Report. Los Angeles: Social
Sciences Research Institute, University of Southern
California, August 1977. (AD A059561)

Nie, Norman H., et al. Statistical Package for the
Social Sciences (Second Edition). New York: McGraw-
Hill Book Company, 1975.

Sclove, Stanley L. Improved Estimators for Coeffi-
cients in Linear Regression. Technical Report No.
128. Stanford, California: Department of Statistics,
Stanford University, September 1967.

48




33. Smith, Gary, and Frank Campbell. "A Critique of Some
Ridge Regression Methods," Journal of the American
Statistical Association, 75:81-91 (March 1980).

34. Su, Bernard, and John J. Chai. A Comparison of
Ridge and Ordinary Least Squares Estimators for Model
Validity. Technical Report. Syracuse, New York:
Syracuse Research Corporation, Syracuse University,
August 1978.

35. Theil, Henri. Principles of Econometrics. New York:
John Wiley and Sons, Inc., 1971.

36. Thisted, Ronald A. "A Comment on a Critigque of Some
Ridge Regression Methods," Journal of the American
Statistical Association, 75:81-91 (March 1980).

37. Van Nostrand, R. Craig. "A Comment on a Critique of
Some Ridge Regression Methods," Journal of the
American Statistical Association, 75:92-93 (March 1980).

38. Vinod, Hrishikesh D. "Application of New Ridge Regres-
sion Methods to a Study of Bell System Scale Econo-
mies," Journal of the American Statistical Association,
71:835-841 (Decmeber 1976).

39, -—--- . "Simulation and Extension of a Minimum MSE
Estimator in Comparison with Stein's," Technometrics,
18:491-496 (November 1976).

TER—

49




Appendix A
i FORTRAN Code for Program DATA
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FROGRAM DATACINFUT, TAFEA)

L 4
. |
% 3
REAL SIGMA, VA, 4) (WUEC(10) (XVEC(D0,4) (WHWVEC(A) (R(7O) (ET(20) ,B(4),
] C(20) (YA2O) (ETCATO) (SHMX (4) (MICANX (4) ( XVECNC (20, 4)
INTEGER M NN, IER, L, T4
1 DOURNLE FRECTSTON DSEED,DGFEDE
3

FARRERE R KRR N KK KRR R RN KK R AR AR X R R KKK RN R AR AR PR RN SRR kR AL R

FROGRAM GEMTRATES DATA FOR REGRESSTONM ANALYSIS TH FROGRAM RIDCE.
INDEPENDITNT VARRTATLE DATA GENERATED IN HCAM CORKICTED FORM USING TMSL
SUBROUT INE GGNSM(TRIANGIILAR FACTNRTIZATION METHOD) .

DEFENDENY VARTARL.E DATA Y (1) GFENERATED FROM MODFL Y=XP+E WHERDC £ IS N
NORHMAL. RANDOM ERROR TERM WITH MUAN 2ERO AND VARTANCE ST1GMA SOUNARED,
IMSL SUDRODUTING GGHME. 1S USED YO GFMERATE MORMAL (0, 1) DEVIATES WHICH
ARE ADJUSTED TO VARIANCE S1GMA SOUAKED.

MATRIX V( , ) IS IN CORRCLATTION FOIRM,

BC ) IS A VECTOR OF KNOWN CNFFFICIENTS,

SIGMA IS THE VARIANCFE NF THE RANDOM EREOR NOF THE Y’ G,

M 18 THE ROW DIMENSION OF THE CORRFLATION MATRIX V.

N IS THE COULUMN DIMENGTON OF THE CORRELATION MAMIRIX V. ALSO, IT IS THE
NUMEBER OF FLEMENTS(VARTARLES) IN THE. X-VFCTOR.

NR IS THE NUMBER OF N-ELEMENT X-VFECTORG TN BE GENCRATED IN EACH ITERATION.

DATA CARD FORMAT:
FIRST CARD---COL 1 NUMHER OF ROWS IN THE CORRFLATION MATRIX IMIT 1S 4).
COL. I NUMNBEFC OF COLUMNSG TN THFE CORKET ATION MATRIX(LIMIT IS5 4y,
ALSO, IT IS THE NUMIFER OF VAIRRIAM ES IN THE X~VECTOR.
COLS Y=6 NUMIMER OF MILTIVARIATE VECRTORS(X) TO DE GENERATED.
COLS 10=-14 VARTAMOE OF THF RAMDOM FRIGOR OF THE Y
ORSERVATIONG (T DEFCIMAL FILACES) ,
SECOND CARD=-CRILLS 1-5 COFEEFTCIENT R
COLS 10-14 COEFFICIFNT T,
COLS 20-24 COTFFICTIENT e,
CALS Z0--%4 COFFFICTIENT ha,
REMAINING CARDS-- FLEMENTS OF CORGFLATION MATRIX V(1,J). EACH CARD
CONTAINS ONE ROW OF THE MATRIX IN F FORMAT (4 DECIMAL
FLACES) .
coLs 2-8 v, )
CoLLs 12-19 v(2.3)
COLS 2226 V(3.0)
CoLs 32-78a v, )

KRR KRR UK RN K R R AR RN R KT P KRR KRR KR KRR R KR RN KRR A KRR &

o o e RN .**‘**'.”ﬂ.ﬂ“*ﬂ*ﬂ'*.*’”"**ﬂ.*.*

DSCFD=ALLTAAOOT . DO
DSCEDL=1724%7.D0
READ (I, T T T I . THOLFS. ) (M NG NR, STGMA
KINITIALIZE MATRICES AND VECTORS,
DO 10 11, M
R(I)=0O, O
DO 20 =g ,.N

. V(1,J)=0.0
2 CONT INUE
10 CONTINUE
t DO 30 U=1, (NK(N+1)) /2
WEC(I)=0.0
30 CONY INUE

DD 40 I=1,NR
DO SO J=1.N
) XVEC(1,J)=0.0
50 CONT INUC
. 40 CONT TMHIE
DO 60 1=1,N
WHVFG (1) =0 0




&0 CONT INUE
DO 70 1=1.NR
ET(1)=0.0
R(IY=0,0
C(1)=0.0
Y(I)eQ, 0
70 CONMT INUE
RFEAD (F5. D TIO M5, 2, TR0 FO. 2, T30, FS. 0,1, (D) (J=1 W)
SREAD CORRELATION MATRIX
DO 100 1=t M
KEAD' (T2, F7.4, TID.F7.4,. T22.F7.4, TX2,F7.4) ", (V(1.,J),Ja1 N)
100 CONT INUE
ECONVERT MATRIX V TH GYMOTRIC STURAGE MODE.
ALL. VOVTFS (Y, N, A VVED)
SWRITE FAAMETER VECTOR TO FERMANENT FILE.
MY T (A, 29 (), J=1, M)
25 FORMAT (RS, 2 Y10 F, 2, TLoOFS, 2, TIOFR. D)
(LOOF FOR NUMEER OF DATA SETS WITH PARAMETERS SFECIFIED IN DATA INPUT.
DO f10 t=1,1000

IF(L.ER.L)Y WHVEC (L) =0, 0
IF(H.GT. 1) WRVEC (1) 1.0
SGENERATE X VALLUES. MATRIX XVEC 15 DIMENGION NR X N,
CALL GGNSM(DSCED (NR(N,VVEC, 20, XVEC, WKVEC, IER)
IMEAN CORRECT XVEC MATRIX,
DO 7S I=1,N
SUMX(1)=0.0
75 CONTINUE
DO 8¢ I={,NR
DO 90 J=§,N
SUMX (J) =SUMX (J) +XVEC (I, J)
0 CONTINUE
80 CONT INUE
N0 95 1=1.N
MEANX (1) =SUMX (1) /NR
95 CONTINUE
DO 96 1=1,NR
DO 97 J=1.N
XVECMC (1, J)=XVEC(I,J)-MEANX (.]}
97 CONT INUE
& CONT INUE
$GENERATE Ni¢ STANDARD NORMAL. DEVIATES(VECTOR R).
CALL. GGNML (DGLEEDL (NRGK)
*ADJUBT DEVIATES T VARTANCE RTIGMNA SOUARED.
DO 120 I=1,NR
ET(1)=R(1)%xSIGMA
120 CONT INUE
tMEAN ADJUST ERROR NEVIATES.
SUMCT=0.0
DO 1295 I=1,NR
SUMET=GIMET+ET (1)
125 CONT INUE
ETMEAN:=SUME T /MR
DD 126 1=1,NRt
ETC(I)=ET (1) -ETMEAN
126 CONT INUE
SCREATE MATRIX FRODUCT XN,
CALL VMU ITT (XVECMO I MIGNL 1 20,4,0, 70, TER)
tADD RANDOM ERROMR TO MATRIX FRODUCT XH.
DO 130 I=1,NR
YD) =C(IY+ETC (1)
130 CONTINGIE
tWRITE DATA TO FOLMANIENT FILE,
DO 140 I=1,NIR
WRITE(A,1S) YD) ((XVECMEI(T . D) J=t )

15 FORMAT(T2 ,FB. 4, T12,F8.4, T22,FR. A, TI2,FB.A4,T42,F0.4)
140 CONTINUE
110 CONTINUE

END
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FORTRAN Code for Program DATAL




po- FROBRAM DATAL (INFUT, TAFE4)
t
4

L %

REAL SIGMA,V(4,4) VWEC(10) XVEC(TO,4) WHVYEC(4) (R(ZO) (ET(20) ,B(48),
' C(20) ,LOGBY (TO) (ETC(20) ,SUMX (43 , MEANX (4)  XVECMC (20, 4)

INTEGER M NJNR,IFR.GE,T,J

DOUBLE FRECISION DSEED,DSEED!

» .

KRR R R R R R R KRR R RN KRN KRR R R I RNk KRR KRR R RN &

FROGRAM GENENRATES DATA FOR RFGIESSION ANNLYSIS IN FROGRNAM RIDGE.
INDEFENDENT VARIATLE DATA GENERNATED IN STIANDARDIZED FORM USING IMSL
SURROUTINE GGNOM(TRIANGULAR FACTORIZATION METHOD),

IMSL SURROUTING GGNML IS USED TO RENCRATE NORMAL (0, §) DEVIATES WHICH
ARE ADJUSTED TO VARIANCE SIGMA SOUARLD, :

DEPENDENT VARIARLE DATA LOCY (1) GENERATED FROM MODFL Y=1.0G(X)F+E WHERE €

15 A NORMAL RANDOM ERROR TERM WITH MENN ZERO AND VARIANCE S!GMA
SOUNRED.

MATRIX V( ., ) IS IN CORRELATIDN FORM,

BO )Y IS A VECTOR OF LOG LINECAR FARAMETFRS,

SIGMA 1S THE VARIANCE OF THE ERROR DF THIE 1LOGY' S,

M IS THE ROW DINMENSTON OF THE CORRELATION MATKRIX V,

N IS THE COLUMN DIMENSION 0OF THRE CORRFLATION MATRIX V. ALSO, IT IS THE
NUMERER OF ELEMENTS(VARIARLES)Y IN THE X-VFRCTOR.

NR IS THE NUMEBER OF N-ELEMENT X-VECTORS TN BE GENERATED IN EACH ITERATION.

DATA CARD FORMAT:
FIRST CARD~-=COL 1 NUMRER OF ROWS TN THF CORRCLATION MATRIX(LIMIT IS 4).
COl. 3 NIMBER OF COLUMNS IN THE CORRFLATION MATRIX(LIMIT IS 4),
ALS0, IT IS THE NUMRER OF VARIARLES IMN THE X-VECTOR.
COLS %S-6 NUMDER 0OF MULTIVARIATE VECTORS(X) TO DE GENERATED.
COLS 10-14 VARINANMCE OF THE RAMDOM ERROR OF THE LOG(Y)
ORGERVATIONS (I DECTMAL FLACES) .,
SECOND CARD--COLLG 1-5 MULTIFLICATIVE COMSTANT FARAMETER A.
COLS 10-14 EXFONENT FARAMO TR RiL.,
COLS TO-04 EXFONENT FARAMIZIGR [T,
COLS S0-Z4 EXFONIMT FARAMIITFR L,
COLS 40-44 EXFONENT FARAMITIER R®A, :
REMAINING CARDG~- ELEMENTS OF CORRELATION MATRIX V(I,J). EACH CARD

e W se FE M SE B S It P 30 N M 56 N M W I W 3 T s Mg W M N m e Nn

CONTATING ONE ROW OF THE MATRIX IN F FORMAT (4 DECTMAL
PLACED)

colLs 2-8 V1.0)

CNLS 12-18 V(2,.J)

CoLs 27-78 V(3.0

COLSs X2-38 V4, J)

1 2R P R R R R R R TRttt sssiises iy

e e R e e R R I

% g0 W B e W e W w N

DGICD==4AATAHAAOOT DO
DOEENL= 1 T72407.D0
READ (T T 1L TS 17 THO RS, 3) " (M N NES1GMA
SINITIALLIZE MATIICES AND VECTORS,
DO 10 13t M
B(1)=0.0
. DO 20 J=1,N
V(I.J)=0.0
20 CONTINUE
10 CONT INUE
DO 30 I=1, (NK(N+1)) /2
WEC(T) =0, 0

e ot e

.




R{d] CONT INUE
DO 40 I=f.NR
DO SO 2=} N
XVEC(1,J)=0,0
s CONY INUE
40 CONT INLIE
DO &0 I=1,N
WHVEC (1) =0,0
&0 CONT INUE
DO 70 1=31,NR
’ ET(IV=0,0
R(I)=0. 0
CeI) =0, 0
LOGY(T) =0, 0
70 CONT INUE
REAND AFN,. DL TYOFS, 2, TR0 FS, 2. TR0 FO. 2, TAXFS. 2) ", A, (B(JY ,J=1.N)
ANREAD CORRELATION MATRIX
DO 100 I=t,M
READ (T F7.4, T12 ., F2. 4, T22 . F7. A4, TZ2.F7.4)", (V(1,J).J=1,N)
100 CONT INUC
SCONVERT MATRIX Vv T OYMETRIC STORAGR MODE,
CALLL. VOCVTITFS(V. N1, VWED)
RUWRITE FARAMETIR VOCOTNR 70 FERMANENT FILE.
WRITE (4,29 (B(3Y  J=1. W)

29 FORMAT(FS, D, MO FL, D TOOFS, D, T2O,FS. D)
RLOOP FORR NUMIER OF DATA SETS WITH FARAMITERS SPECIFIED IN DATA INPUT.
DO f11Q ¥y =1, 3000
IF(LED. 1) WEVEC(L)Y=0,0
IF(H.RT. 1) WIVER(1)Y=1,0
LGENERATE X VALUES., MATRIX XVEC 1§ DIMENGTOM NR X N,
CALLL GONSM(DSERD . NR.N,VVEC, 20, XVED, 1 VER, IFR)
ATRANSLATE X5 & STANDARD DEVIATIAONS INTO POSITIVE OUADRANT.
DO 71 I=1, N
DO 72 J=4,N
XVEC(I , JY=XVEC(T,3)+4
IFAXVEC(L, ) JLE.Q.Q) THEN
XVEC (1,3)=0,01
ENDIF
XVEC (I J)=LOG(XVEC(1,3))
72 CONT INUE
71 CONTINUE
tMEAN CORKITGT XVEC MATRIX,
DO 7% I=t{.N
SUMX (1)=0,0
7% CONT INUE
DO 80 1=),NK
DO 90 J=1.N
SUMX (J) =SUMX (J) +XVEC 1,0
0 CONT INUE
80 CONT INLIE
DO 95 I=1,N
MFANX (1) =SIUMX (I) /NR
9% CONT INUE
DO 96 I=1 NR
Do 97 I=t.N
XVECHE (1) =XVEC (T, J) ~MOANX ()
97 CONT INIE
96 CONT INLIE
LGENERATE NI STANMDAKD NOKMMSL, DEVIATES (VERTOR [ .
CALYL. OORML (DBEY DY (NECR)
EADJUST DEVIATES 10 UARINNEE SIGMA SPUINARED.
DO t20 =1 ,NK
. ET(I) =R(I) +5115MA
120 CONT INUE
IMEAN ADJUGT FRROR DEVIATES.
SUMET=0,0
DO 125 I=1.MK
SUMET=GUMET+ET (1)
12 CONTItUIE
. ETMEAN=GIIMET /NR

55

- - - )
e — - —— — Kl Lt
i B . e e _.....‘...L Betnsiiniitedoniiiin b b it s




DO 126 I={.NR
ETC(I)=ET(1)-ETMEAN
126 CONTINLIE
SCREATE MATRIX FRODUCT L N(X)R.,
Call. VMULFF(XVECMC, B NRGN 1, T0,4,C,20, IER)
$ADD RANDOM FRROR TO MATRIX FRODUCT XR.
DO 130 I=1,NR
) LOGY (1) =C (1) +ETC (1) +LDOG (A)
’ 130 CONTINUE
tWRITE DATA TO FERMANINT FTILE.
DO 140 I={,NR
WRITE(4,15) LOGY(D) (XVECMC (T, J) J=1,N)

15 FORMAT (T2,FB.A4,T12,FB.4.T22,F8.4,T32,FB.4,T42,F0.4)
140 CONTINUE
110 CONTINUE

END

»
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¢ FPROGRAM RIDGE (INFUT,QUTFUT, TAFES INFUT, TAFCAH=0UTFUT, TAFE?) Q100 1

»  n

AR RBF RN KRR KK KRR RN R R RN R R K A R R R AR RN R R R KRR KRk RN PRk kg

«

]

cC FROGRAM TO FERFORM RIDGE REGRESSINN ANALYSIS 00110
Cc C.MINICHOLS -- MAY 1980 -—- AR FORCE INSTITUTE OF TECHNOLOGY Q0120
c FROCEDURFE NS DNCUMENTED IN CHATTERJIFE AND FRICE QOO0
Cc "REGRESSTON NANALYSTS RY EXAMFLE® WH FY, 1977 Qo140
c MULTIFLE REGRFSSIOIN FROCEDURE 1S EFAOYMSON'S ALGORTITHM G0015S0
c IN "MATHEMATICAL METHODS FOR DIGITAL COMIHUTERS" ED. Dy 00016Q
c RALSTON AND WILF WILEY, 1960 QOO170
[ DATA RAGE FORMAT: 000180
c FIRST CARD ~-- COLS 1-2 NUMDER OF VARIANM_FS (INCLUDING DEFENDENT)  QOG190
c LIMIT IS 16, COLS T-4 INDEX OF DEFENDENT VAR,  0GO200
c COLS S--4¢ ANY NON=-ZICRO VAU GEMERATES QOO210
c LOG-LINF AR MODEL, €OLS 7-11 F=INCREMENT VALUE, CQO0O220
c MUST BE GRUATER T1HAN 20RO AND LLE , 02, QOO0
Cc COLS 12-13 NUMRER OF ORSERVATION VECTORS 1IN [elelyindng
c ENCH CASC. QOO275
c SECOND CARD -- FORTRAN FORMAT STATEMENT FOR INFUT DATA, MUST ERE Ga0O240
[ F-TYFE SFECIFICATIONS NMD ACCOUNT FAOR NUMRER OF QQO250
c VARIARLES STATED ON FIRGT CARD QCO260
C REMAINING CAEDR = ONSFRVATIONS IN FOKHNT SFECIFIED BY SECOND CARDOGOD70
c CORRELNATION MATKIX CONSTRUCTI'D IN A(,) OOOTO00
c CORKELATION MATRIX COPIED T0O RG,Y FOR FACH ITERATION Qo310
c M) IS MEAN VECTOR, SO IS STD.DEV. VECTOR QQOT20
c B(,) IS5 MATRIX OF STANDARDU/ED COFFFICIENGS OOO033
Cc FLT () IS FLOT BUFTEFR FOK RIDGE TRACE: FLT(TI,52) 18 R-SQUARE QOOT80
C FEMX () CONTAING VALUES NF K FOR FACH ITIRATION QQUISO
[ VIF(,) CONTAINSG VARIANCE INFLATION FACTOIRS FOR CACH ITERATION QOQT60
%

4

AR KRR R KR R R KRR R N R R R R AR KA KRR KR KR R R AR KA KRR KR AR KA R AR ARk AR
3

L

DIMENSION A(14,14) (R{1h,14) MO1A) [5(1A) X (1&)  B(50,16) FLT(S0,52), 000200

1 FMT ()  ALNUMLS) (FEMX (S VI (S0, 16) , BFAR (1 &) 000290
L REAL M, INCK ) 000370
DATA ALNUM/ ML (29 (030 man v, ngh g vge ngn COOTRO
* 1 "AN, BT, UC L YD EN Y G/ QOO0
N=0 000A0Q
. c LOAD DATA BNSE. FIRGT KEAD NO. UARS:MV. INDEX OF DIFFCNDENT: IXD 000410
(of FLAG FOR LOG- LINFEAR: LOGE, TNCKREMENT MO K=VALUE: [NCH aQ0A20
READ (5, 10) NV, IXD,LOGF, INCI . NUMC 000430
_ 10 FOKMAT (T2, FS. 2, 12)
] IFCINCKLLE. D.0)  INCH=, 005 000ASB0
IFCIMCKLGT, .0T)  INCH=. 005 0004460
NVM{ =NY-1 OOOAT O
] c INITIALIZE VARIARLES, VECTORS, AND ARRAYS. L 000agn
) DO 100 I={,NV O0OA%0
3 M(I)=0.0 0O0S00
S(1)=0,0 000510
DO 106 J==1 (NV QOOG20 Z L
NT )=, 0 OONLT0 :-,
} 100  CONTINUE OOOSA0 ‘
DD 150 1=1 .50 QOOST0 :
ng‘;sg)afntta 00OTHD i
5 . =0, 0 SIRT)
‘ 1S5S0  CONTINUG Egﬁgég
c READ FORMAT STATEMENT DESCRITING DATA NAGE GONSI0 k
READ (S, 15) FMT QOOBAN ¥
13 FORMAT (BAf0) QOO610 1
c READ COEFFICIENT FARAMETERS OF MODEL A% SFECIFIED LY FORMAT OO0LDA E
3 c STATEMENT 1%, 000621 1
‘ READ(7,.25) (1AKIT)Y . I=1  NUMY) Q00622 ]
1
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e,
225

=50

R

400

k33
=[ald]

X7
8s0
40

45
00

1000
GC

1100

FORMAT (FS, 2. THIO FS, 2, TD0 F7, 0.7 0 F5,. )

READ QRSERVATIONS ACCORDING TO USBER INFUT FORMAT STATEMENT
DO 00 =g NUMT
FEAN(7 ,FMTY (X (1) (J=1 NV
IF(LOCF.ED. ) GO TN 240
DO 205 J=1 NV
X () =AL0B (X (J))
CONTINUE
N:=N+1
CONSTRUCT MEIAN VECTOR AND COVARIAMTE MATRIX
DD 700 J=1 NV
M) =MJ)Y+X ()
DO TO0 J1=d NV
AT T =ACT, J1)+X () xX (1)
CONT INUE
END OF INFUIT DATA, CALCULATE MEANS, SICMNAS,CORRELATION MATRIX
DO SO0 J:=1 NV
S(I)=00RT (AT JI)~M(I)¥kMI) /NY /(N=1. 1))
MIY=M(J) /N
CONTINUE
DO 600 J=1 NV
DO 600G J1=J,NV

AT I =AT I =NEMII) EM(T 1))/ C(N=1 . 0) 2S5 (325 (1))
CONTINUE
DO 700 J=1 /NUML

JF1=J+1

DO 700 Ji=JF{.NV

AL, D e=Ald,d10)
CONTINUE
FRINT MEANS,STD.DEVIATINNG, CORRELATION MATRIX -
WRITE (4, 70y INCH (N

FORMAT (1H1, "RIDGF REGRESGION FPROGRAM —~— AIR FORCE INSTITUTE OF",

1 " TECHNDLOGY" Z1H0, " =VALLF IMORCMITNT 15 " F&.A77/
2 HD, IR, " CASEYS KWEAD FROM OINFUT FILE"//
I THOL"VARINADLE NIMEER MEAN STDH.DEV." /)
DO 8O0 J=—1 NV
WRITE (6. 3%) J.MOIY 5T
FORMATOIM (7%, 12,6X . FI2.9.F12. 5
CONTINUE
IF(LOGF.E0,0) GO TO Q%0
WRITE(H, )
FORMAT CIHO /T HO L "LLOG~LINEAR QFTTON, ALL VARTARILES TRANSFDORMED" /)
WRITE (&,40) (NN,NN-{, NV)
FORMAT (1HO/1HO, "CORRELATION MATRIX"/1HO, "VARTARLE",
1 1617)
NO 200 J={ NV
WRITE(A,45) J, (AT J1) ,J1=1, /NV)
FORMAT (tHO, 16,4X,16F7.3)
CONT INUE
COFY CORRELATION MNATRIX FROM A T0 R FOR EACH TTERATICN
Fi 15 VALLIFE OF K FDOR RIDGE ESTIMATES
FH=0,0
FEMX (1) =0.,0
WRITE(H,SO)Y (NN,NN=1,NV)
WIRITE (&4, 52)
FORMAT (L, "NORMALTIZED (STANDARDIZED)Y FEGKRECSGTON COEFFICIENTSY/
1 1HO" VARTATL T s " 14H17)
FORMAT (1H | " ~VALUE")
DO 14650 IXk=1,00
DO 100N J=1 NV
DO 1000 J1=1,NV
R(J,J1)=ACT,01)
CONT INIE
AM_TER DIACOMAL OF K MATIIIX REPREGSENTING XX
DO 1100 J=1 ., NV .
IFLI.ED.IXD) GO TO 1100
RIJIY=R(J ) +FK
CONT INUE

GO0OL2T
O0O0AHDA
[RIRIST R
OGOHLTO
0O0014,50)
[STATRYZ¥INR]
0OOAT O
Q00480
QOOAI0
OOQ7 00
QOO7 10
QOO 20
00077310
000740
000750
QOO7680
OO0790
GOORO0
QOO010
[elelate iy
QUINTG
000040
nOO3S0
QOORALQ
QOOR70
OOORRO
[eleleisirind
QOOCRO0
QO Q
QOO20
[eJaladrindp]
[IRIRL2:Th)
QOOGH0
QOOG L0
OOOPT70
OOOFEO
OO0O950
QQ1o00
(€13 EnB N}
001020
OQL030
NO10480
QOLOS50
GO1080
G01070
QO IGHO
[} NRLAX]
Q01100
001110
[J5) B Pals/
OO 130
Q01140
001150
001160
Q01170
001180
QO1170
QG200
001210
001020
QIR0
Q0120
Q1280
aQ1 260
001270
001280
001270
OO1300




c

1200

1300

1550
157%
1600
c

c
c

1700

56
1800

S8

MATRIX INVERSION -- SOLVES FOR LCGRESSION COEFFICIENTS

DO 1500 1=1,NV
IFC(I.EN.IXD) GO TO 1500
DO 1300 J=1,NV

IFG(J.ED. 1) GO TO 1300

VaR(J, 1Y /RCI, T

DO 1200 ¥=1 NV
IF(.ED.I) GO TO 1200
R{J ) =ROI LK) =VEAR(TK)

CONTINUE

TRGJ D)=V

CONT INUE
DO 1400 ¥F=1.NV
IF(K.EOQ. I} GO TO 1400
ROIKY=R{I.,K)/R(I,1}
CONT INUE
R(I,IY=1.0/R(1. 1)
CONTINUE
SAVE COFFFICIENTS FROM THIS ITERATION
CALCULATE VIF'S AND SAVE:
DIAGONAL ELS OF CDEFFICIENT COVAR. MTX. DIVIDED RY
RS0=0, 0
DO 14600 J=1 NV
VIF(IXK,3)=0,0
IF(J.EQ.IXD) GO TO 1600
BOIXE ,J)=R(J, IXD)
RSO=HS0+R (I Xk J) %R (IXK,J)
DO 1575 L=1.,NV
TVIF=0,0
IF(L.EQ.IXDY GO TO 1579
DO 1550 k=1 ,NV
IF(ML.EQ.IXD)Y GO TO 1550
TVIF=TVIF+A (L k) ¥R (¥ ,.])
COMT INLIE
VIF(IX D) =VIF(IXK . J)+R(J, LY R TVIF
CONTINLIE
CONTINVE
SAVE K=GOUARE VALUE IN FLOT BUFFICR: B’ X’ Y+H¥E R
FLT(IXK S2)=1.0-R(IXD, IXD)Y4AFEXERGD
END OF LOOF OVEFR VALLIES OF +
FRINT COEFFICTENTS FOR TIHIIS 1TERATION
WRITE (6,55 FRy(ROTXE,0) o d=1 ,NV)
FORMAT (IH LFS5.23.6X,14F7.3)
ALTECR . VALUE .
Fh=F o+ INCK
FEMX (T XIZ+ 1) =FK

CONT INUE .

CALCULATE UNNOIRMALIZED COEFFICIENTS
WRITE (A6, 51) (NN NN=1  NV)

FORMAT C1H1, "UNNORMALTZED COCCFICIENTS"/

1 THO, " VAKRIARLE: INTERCERT " 14,1517}

WRITE (6,50
nNo 18900 1=1,50
CNGT=M(IXD)
DO 1700 J=1 NV
IF(I.EQ.TXDY GO YO 1700
CNST=CNGT—(RLT, 1D (IxXD) /53 eM (D)
X{N =T, NASCIXDY /G
CONT INUE
X(IXD) =0, 0
IF (LOGK  NC. Q) ONST=FXP (TNGT)
WRITE (HJ54) FEMX (DY (CNOT. (X)) ,J=1,NV)
FORMAT (IH F&. 3, 2X,GI2.A4,14F7.3)
CONTINUE
IF(LORF.EN. QY BN TO 20050
WRITE (6,50

OOE310
001320
OO 370
01240
001250
00160
Q01270
0O1 380
OQ§3I90
Q01400
wn1A10
a0 1420
001470
001440
QU1A50
Q014460
Q1470
O AQO
003490
[Jda RN
Q013510
OO1H20
OIS0
001540
0O1550
001560
Q01570
001500
01590
001600
Q1610
aO1620
OO1 630
001640
OO 650
M 660
QO1A70
001680
001690
001700
Q01730
Q01720
QQ1 730
0Q1740
001750
OO1760
001770
01780
OO§790
001800
Q01810
o01620
001870
QO R40
OO 850
01860
OO1R70
01000
001N
001900
QO19§0
Q01920
001930
OOIA0
a019%0
001960

FORMAT (1140 / 1HO, "LOG-L INEAR MODEL: IMNTERCERT CONVERTED TO ANTILOG") 001?70

60

be. ey




c
2050

2100
Cc

2200
c

2400
c

40

GENERATE RIDGE TRACE
DO 2100 I=1,.%0
DO 2100 J=1,51
FLT(I,. ) =1H
CONT INUE
FIND MIN AND MAX NORMAILLIZED COEFFICIENT VALUES
SM=+ 1F 99
BG=-1E9%
DO 2200 1=1,50
PO 2706 J=1 NV
IF(J.EQ.IXD) GO TO 2200
IF(R(IJ).LT.SM)Y GM=Q(],.])
IF(R(I.D) L GT.EG) EBG=k(I,Jd)
CONT INUE
LOAD FLAOT BUFFER
X1e (BG-SM) /50,0
DO 22400 I=1,%0
Ji=t,0=-GM/XT
IF(J1.GT.O.NAND.JLLLE S1) FLT(I,J1)=:10H,
DO 2400 J=1 NV
IFI.ED.IXD) GO TO 2400
J1=1,0+(RCI,J)-GM) /X1
FLT(I,J1)=ALNUM(J)
CONT INIUJE
PRINT RIDGE TRACE

WRITE (A, 60 EM, RG

FORMAT (1H1, "KIDGE TIRACE: NORMALIZED COEFFICIENTG"/
IHO "COMFFICIENT RANGE: ¥ F12.4," TO".F12.4/

2 AHO "V -VALUEY, 1X, 5L (IH.) " R-SOUARE" /)

1

75

2600

B8O

DO 2T00 I=1,50
WRITE (6,65 FEMX(I) ((PLT(T1,J).Jd=1,51) PLT(I,52)

FORMAT (1H (FS. 3. 2X,.S1AL . F7.4)

CONT INUE

QUTFLT VARTANCET INFLATION FACTORS (VIF)

WRITE (&6, 70) (NN NN=t 1 NV)

FORMAT (IR, "VARTANCE INFLATION FACTORS SO REGRESSIONY

" COEFFICIENTSY/ 1HO." VARIARLE:".1617)

WRITE (6,57

DO 2600, 1=1, .50
WRITE(H.7SHFIMX (D)  (VIF(T, J),J=1, NV

FORMAT (IH (FUH. 36X 16F7. 1)

CONTINUE

WRITE (6.8M

FORMAT (1H1)

STOP

END

[elad Rrdaldl
a@1770
QOR0O0O0
002010
QG200
002070
02040
OO2050
0O2060
OQ2070
CO2000
QO209¢
002100
002110
oa2120
002130
002140
Q02150
Q02160
002170
[Jend Rz IX]
002190
Q02200
002210
Q02220
0022270
oG240
Q2250
Q02260
QO227¢
002280
QO2290
Q02300
002310
0Q2320
QO30
Q02Z40
00350
QOTLHD
002370
002380
QO23790
002400
Q02410
002420
002430




Appendix D
FORTRAN Code for Program RIDGE

(Monte Carlo Modified Version)

62

T




T —— R ”_‘

PROGRAM RIDGE (INFUT,OQUTFUT, TAREL-INFUT, TAFEA=OUTRPUT, TAPE7 . TAPER)  0COGL00

s .
c MONTE CARLDO ANALYSIS. 0oo110
'
*
{ AEERB KRR AN AR R AR KRR KRR KK AN KA KKK AR AR R RN AT AR R R AR AR RN AN TR B R RPN AD
'
'
c FROGRAM TO FERFORM RIDBE REGRESSION ANALYSIS 000110
c J.MALIN=-JULY 1901---AIR FORCE INSTITUTE OF TECHNOLOGY QO0120
c CFROCEDURE AS DOCUMCMTED IN CHATTERJEE AND MRICE CO01 30
. c "REGRESSION ANALYSHIS RY EXAMPLE® WILEY,1977 : 0O01A0
c MULTIFLE REGKESSION FUNCEDURE 16 CFAOYMSON'S ALCORITHM 000150
c IN "MATHCHATICAL METHODS FOR DIGITAL COMPUTERS" ED. EY 0OO160
c RALSTON AND WI1LF WILEY. 17960 0C0170
c DATA FASE FORMAT: 000180
c FIRST CARD -- COLS 1-2 NUMRER OF VARIAMLES (JNCIUDING DEFEMDENT) 000190
c LIMIT IS ta4. COLS 3-4 INDEX OF DEFENDENT VAR.  0O0O200
c COLS S-b. ANY NON-7FROD VALUF (ENCRATES D00
c LOG-LINFAR MODCL., COLS 7-11 V=VALUE CCLECTED 000220
C FROM PROGRAM IDGE FOR MONTE CARLO TRIN .S, NGO T0
c COLS 12-17 NUMBER OF ORSERVAYTION VECTORS IN 0OO2TS
c EACH CASE. 0O02TE
c SECOND CARD ~-- FORTLAN FORMAT GTNATEMINT FOR INFUT DATA. MUST RE  QOO2A0
c F-TYI'E SFECIFICATIONS AND ACCOLINT FOR NUMBER OF QOOTTO
c VARKIARLES STATED ON FIRST CARD. 000260
c THIRD CARD=-- FORTRAN FORMAT STATEHOMY FOR OUTFUT DATA. MUST FRE OONTHS
C F-TYFE SFECIFICATIONSG AND ACCOUNT FOR ALL VARIARLES 000266
c IMN WRITE STATEMENT 799, OOODA?
o REMAINING CARDS -~ ORSERVATIONS IN FORMAT SMECIFIED EY SECOND CARDOOOZ70
4
s
c CORRELATION MATRIX CONSTRUCTED IN A¢,) QOOZO0
c CORRELATION MATRIX COFIED TO R(,) FOR EACH TTERATION 0aNI10
c MO IS MCAN VECTOR., SO TS5 STD.DEV. VECTOR QOOID0
c B(.) 18 MATRIX OF GTANDARDIZED CORFFTICIENTS OOOTTO
E VIF(,) CONTAINS VARIANCE INFLATION FACTOKS FOR EACH ITERATION QOO3L0
i
4 i
REELRKIOR R RSO OR ROk IO O KKK X KRR KKK KRR KRR KA KR KR KW R AR KA R '
4

DIMENSION Al1a,1A) (R (16,16) M16) (BO16) X (18) U2, 14) JFMT (R) , GOOTRO
' VIF(2,16),S0E(2) (RSO (S0) . FMTOUT (8)  EFAR (16) JMSE (2) XX (2, 16) 000290
REAL M, INCH , MSE 0OO3I70
DATA SOE/2%0,0/ 000370
NC=0
C LOAD DATA FNSE. FIRST RFAD NO. VARG:NV, INDEX OF DEPENDENT: IXD 000410
c FLAG FOR LOG-LINEAR: LOGF, INCREMENT FOR k-VALUE: INCK GOOADG
v READ (5, 10) NV, TXD.LOGF . INCH , NUMC 0a0AZO
3 10 FORMAT (S12.F5,. 3, 1I2) QOOAZS
: NVME=NY~1 000440
c READ FORMAT STATEMENTS DESCRIFING DATA EASE INFUT AND QUTFUT. 000450 L
READ (55, 15) FMT 000440 h
READ (5, 15) FMTOUT QOOAT0
15 | FORMAT(RALO 0O0A7S ‘
c KEAD FAKAMETER COCFRICTENTS OF MODEL . 000A76 g
READ(7.75) (FFARCI) , I=1,NUM{) 000477
25 FORMAT RS, 2 T 10 S, 2, T FS, 2, T30, F 5.0 . 000470
C INITTALTZE VARIARLES, VECTORS, AND ARKAYS.
200  CONTINUE 000405 !
‘ N=0 QOUANS :
PO 100 let NV G004 :
MOI)Y=20,0 OQONO0
(1) =G, 0 000510
DO 100 J=1,NV Q00520
AL, D=0, 0 000G




-

- 100 CONTINUE 00050
pa DO 125 1=1,2 annsay
‘ SRE(I)=0.0 aQanAaAT
: MSE(1)=0.0 00054
. 125  CONTINUE 000%A4
i DO 150 I=1,2 QOO0
? DO 150 J=1,14 . GOOTAD
] F(I,J)=0.0 00ON%70
' 150 CONTINUE 000500
b Cc READ"OQUSTRVATIONS NACCORDING TO UGER INFUT FORMAT STATEMENT QOOETF0
t DO 350 11--1 ,NUME QOOLO0
iA READ(7 ,FMTY (X (1) Tzl [ NV) QO0LHT0
! IF(EDV (7)) NEL) GO TG 1900 O00KAO
. IFWOGF.E0.0 GO TO 280 OOQAKREQ
‘ DO 225 J=1 NV QOOLAD

XL =ALOG (X (J)) QOTHL70
! 225 CONT INUE QOOLRD
! 250  N=N+t COOL90
: c CONSTRUCT MEAN VECTOR AND COVARINNCE MATRIX QOO700
v DO I00 J=1 NV QOO710
M(J)=M())+X(J) QQO720
; : no 00 Ji=J,MY CQOO7 30
AL, I eN(T,J1)+X I RX(J1) a0Q740Q
00 CONTINUE aQO750
IS0 CONT TNUE Q770
o] CALCULNATE MCANS,SIGMAS,.CORRELATION MATRIX FOR THIS SET OF DATA. 000775
400 DO SO0 J=1 NV OOO70
S =G0RT (AT ) -M(T) kM (JT) /N) / (N~1.0)) QOO0
M(J)=M(J) /N Qo0gto
S00 CONT INUE oa0B20
DO 400 J=1 (NY QOOoso
DO 6GO Ji=J NV [elalalc? o}
i ACI T = AT I ~NEMIIYIMIN I/ LIN=L, 3 1S () $5(T 1)) 0GOSO
400 CONTITNUC QQOa60
DD 700 J=1,NVMI1 OOOA70
JFi=J+1 [alalutc] sl
DO 700 J1=IP1 NV QQOA0
3 AJI D) =ACI, I Q0000
g . 700 CONT INUE QOO0
(o Cory CORRELATION MATRIX FROM A TO R FOR EACH ITERATION Q01120
c FI IS VALUE OF kK FOR RIDGE ESTIMATES QOL1L70
FV=0.0 ’ Q01140
DO 1650 IxK=1,2 0O§150
DO 1000 J=1 NV Q01220
DO 1000 Ji=1,NV 001220
R(J I =T, d8) ’ Q01240
1000 CONTINUE Q01 2%0
Cc ALLTER DIAGONAI. OF K MATRIX REFRESENTING X ° X 01260
DO 1104 I 1 NV 001270
1IF(I.EN.IXD) GO 70 1100 001280
R(J D) =R(J,J)+FE Q01290
1100 CONTINUE Q01300
[o] MATRIX INVERSION =-- SOLVES FOR REGRESSION COEFFICIENTR 001310
DO 1500 I=1,NV Q01220
IFCL.CQ.IXD) GO TO 1500 QOLIXT0
ne 1300 Jg=1,NV 001240
IF(ILFD,I)Y GO 10 1700 QO EEN0
V=R(I, IV /R() . 1) ' 00160
DO 1200 F=1 NV QO1X70
IFUL.EC. 1Y GO TO 1200 Q0§30
ROT I =RI ) =VARCT K) 001390 ’
1200 CONT INUE Q01400 i
R(J.1)==V aG1a10) i
1300 CONTINUIE 001420 !
DD 1400 K=t NV 0014730 |
IF(.ED. 1Y GO TO 1400 Q14480 .
RITID=R{T Y /RUL, 1) ' 001450
1400 CONT INUE QOLAHLO
R(I, D)=L, 0/R(I, ) 001470
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1500 CONTINUE G01480
[ SNAVE CNEFFICIENTS FROM THIS ITERNTICON 0014720
c CALCUILATE VIF"S AND SAVE: QO LS00
c DIAGONAL ELS OF COEFFICIENYT COVAR, MTX. DIVIDED RY SIGMN¥x2 001510
0s0=0,0 Q01520

DO 1600 J=1 NV 001570
VIF(IXK J)=0,0 001540
IF(J.EQ.IXD)Y GO TO 1600 001550
BUIXK,J)=R (I, TXI) OO 540
BSO=HGSO+E(IXH ) AR (IXK,J) QOIS 70

DO 1575 L=§,NV 001980
CTVIF=0,0 COLSR0
IFCL.EN.IXDY GO TO 1579 QO1AHOO

DO 1550 k=1,NV . 001610
IF(K.E0.TXDY GO TO 1950 Q01620
TVIF=TVIF+ALL, ) xR(K, D) 0014670

1550 CONTINUE 001440
VIF(IXk J)=VIF(IXK,J)+RI L) RTVIF 001650

1575 CONT INUE Q01660
1600 CONTINUE OO1670
LCALCULLATE THE UNNORNALIZED COEFFICIENTS. 001671
DO 1610 1=1,2 001672

DD 1620 J=1 NV 0014673
IF(J.EQ,1XD) GO TN 1420 Q014674
XX(1,J)=R{I,J)XSCIXD)/5(I) Q01675

1620 CONTINUE 0O1676
1610 CONTINUE 01677
c COMPUTE RL STATISTIC(INDEX OF MULTICOLLIMCAKRITY) Q01600
SVIF=0.0 001650

DO 1625 I=1,NV Q01700
IF(I.EQ.IXD)Y GO TO 1629 Q01710

SVIF=VIF (1, ])+&VIF Q01720

1625 CONTINUE GO 730
IF(IXK.ED. 1) RL=SVIF/(NV-1) G011 740

c COMMUTE AND SAVE R-SNHUARED. 001750
REDCIXE) =1, 0~-R(IXD, IXD) +FE¥IS0 Q01760
Fr=FH4+TNCK OO 1750

1650 CONTINUE 01770
o CALLCULNATE MEAN SRUARE ERROR, G01780
DO 1800 I=1,2 001790

DO 1750 J=2.NV QOLRO0
SOE(I)=SOE(I) +(XX(1,J)-RPAR(JI~1})) *%2 001810

1750 CONTINUE QOLI870
1800 CONTINLIE . QQI940
DO {830 I=1,2 01944

MSE (1) =S0E (1) /NVM1 001742

10850 CONTINUE 01947
999 WRITE(B FMTOUTY (XX (TTL 00 JI=2 M) (115, , 20 C(VIF(EK L) LL=2 NV 001950
1] JK=1,2) , (RGQUITD) , ITI=1,2) R, (MSE(JJJ), JdJ=1,2) 001940

N -NC+1 QO204Q

c NEXT CASE Q020465
GO YO 200 QO2070

1900 CONTINLIF 002080
FRINT (46,2000 BEAR (L)Y  REARIDY  BEAR(T)Y (TIAR (4 , INCH (NUMYE OO207R0

2000 FORMAT (fHY /777" MODEL FARNMETERSIReS) /77 RE- PG, R2e "OOA2100
t FELDLT R N TY RAs RN T/ vt 575, X, 002110

' " NUMRER OF UNLTARLFSe R YA RANDOM ZRRORR ADDED: 002120

1 /) aQ2130

sTOP 002420

END 002430
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Appendix E
SPSS Programs Containing Subprogram CONDESCRIPTIVE

(2, 3, and 4 Variable Models)




TTEETOTYIwET TR RS TR T TVTER T TS, TR T TSNS, TeeNeeeesyE. TEE e memem

RUN NAME
FILE NAME
VARIABLE LIST

INPUT FORMAT
N OF CASES

INPUT MEDIUM
VAR LARELS

FRINT FORMATS

LIST CNAGES
CONDESCRIPTIVE

STATISTICS

RIDGE . OLS ANALYSIS

RIDGE, ANAL OF MONTE CARLO SIMOLS AMD RIDGE REGRESSION)
BLS[.BLS?.BRI,UR?,VIFLSI.VIFLSZ.VIFR[.VIFRZ.RSOLS,RSOR,RL,HSELS.
MSER

FIXED(!X.4F8.3,!X,4F8.3,1X.2F7.4.lX,F7.2.lX.2F8.4)

{1000

CARD

ELSt,. 1 LEAST SOUNAKES/BLST,EB? LENST SDUARES/

BR1,1") RIDGE/H2.02 RIDGE/

VIFLLS1,VIF LS VAR 1/VIFLG2.VIF | & VAR 2/VIFRL VIF RIDGE VAR 1/
VIFR2,VIF RIDGE VAR 2/RSOLS,R-SUIARID LEASGT SPUNARES/

RGDR R-SNUARED RIDGE/RL, INDEX OF MULTTICOLLINFENRTTY /MSELS.,

MEAN SOUARE FRROR LS/MSER,MEAN SQUARE FRROR RIDGE/
DLS!.PLG:.BRI.BR?.(3)/VIFLSl.VIFLS?.VIFRX,VIFRZ(Z)/

RSOLES, RSOR, R MGEI S, MSER(4) 7

CARES :20/VNKRTARLES:ALL/
B;Si.BLSZ.BR!,BR?,VIFLS!.VIFLSZ,VIFR!.VIFRB,RSOLS.RSDR.RL.MSELS.
MSER '
1.5,6,9,10,11

READ INFUT DATA

FINISH

Fig. 4.

RUN NAME
FILE NAME ,
VARIAELE LIST

INPUT FORMAT
N OF CASES

INFUT MEDIUM
VAR LABELS

FRINT FORMATS

LIST CASES
CONDESCRIPTIVE

STATISTICS

Subprogram CONDESCRIPTIVE--Two Variable Model

RIDGE.OLS ANNALYSIS

RIDGE,ANAL. OF MOMNTE CARLO SIM(OLS AMD RIDGE REGRESSION)

RILGL TO BLER,FRY TO BRILVIFLSE TG VIFLSS,VIFRL TO VIFRI,RS0LS,
RSOR, RL MGEL.S MSER
FIXED(IX,4FB. 3, X, 4FB.3,1X,2F7.4,1X,F7.2,1X,2FB.4)

1000

CARD

FLS1.R1 LEAGT SDUARES/EL.S2, P2 LEAST SDUARES/BLSI, BRI LEAST
SOUARES/

BRI Rl RIDGE/RRZ.FRY RIDGE/DRT (BT RKIDGE/

VIFLSY VIF 18 VA 1/VIFI ST, VIF LS VAR 2/VIFLSI,VIF LS VAR 3
VIFRI (VIF RIDGE VAR /VIIRT?  VIF RIDGE VAR 2/VIFRT,VIF RIDGE VAR 3/
RGO, R-SOUARED RIPGE/RIL, INDEX OF MINL.TICOLLINFARITY/MSELS,

MEFAN SOUNANE FRROR LS/MOER MENAN SOUARE TRROR RIDGE/

BELSL TD BLST.BRL TO BRI(I) /VIFLSL TO VIFLSZ,.VIFRL TO VIFR3(2)/
ROOLS.REOR, AL MBELS MSER (4) /

CASES=20/VARTARLES-ALL/

BLOL T MG DIRE TO BR3,VIFLSE TO VIFLSTI,VIFR1 TO VIFRI,R30LS,
RGOR, [ MEC LG, MSER

1,3.6,7,10,11

KEAD INFLT DNATA

FINISH

Fig. 5.

Subprogram CONDESCRIPTIVE--Three Variable Model
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RUN NAME
FILE NAME
VARIARBLE LIST

INFUT FORDIAT
N OF CASCS

INFUT MEDIUM
VAR LADRELS

PRINT FORMATS

LIST CASES
CONDESCRIFTIVE

STATISTICS

RIDGE.OLS ANALYSIS

RIDGE(ANAL OF MONTE CARLO SIMW.G AND RIDGE REGRESSION)

PLS! TN BLSA.NRL TO FRAVIFLSE 10 VIFLS4.VIFR1 TO VIFRA,RSOLS,
RSO, KL (MSELS, MGHER )

FIXED(IX, BF8, 3, IXBFB. /71X 2F7. 4, 1X.F7.2.1%X,2F8. 4)

1000

ARD

RLSI. D) LEAST SOUNRTG/FLA? L EBD LEAGT SOHARES /TSR, BT LEAST S0UARES
JRLSA A LEAGT SOUNKES/Pt (B RIDGR/TRD B2 KIDGE /BRI, R RIDGE/
R4 F4 RIDGE/VIFI B, VIF LG VAR 1/VIFLSD VIF LS VAR 2/

VIFLGIVIF |8 VAK I/VIFLSA,VIF LS VAR A/VIFRL,VIF RIDGE vAaR 1/
VIFRT.VIF RIDBE VAR T/VIFRT,VIT RIDGE VA T/VIFRAVIF RIDGE VAR 4
/RSOLS R=SOUARED | S/RGOR, R=SOUNRED [TDGE /7RI, INDEX OF MULTICOLLINE
ARITY/ MSELS.MEAM SRUARE ERROMR LEAST SOUARCS/MSER,MEAN

SOUNKE ERIRO”R RIDGE/

FLS1 TO 1l 84, FR1 TO (N /VIFL ST TO VIFLSA,VIFRE TO VIFR4(2)/
REOL.G, REOR, L (8) /MSFL S, MOFR4) /

CASES=DO/VARTARLES =ALL./

pLSt 10 BLSA.RR1 TO BR4VIFLS) TO VIFLSAVIFR1 TQ VIFRA,RSOLS,
KGOR, Rl MSEFLS MSER

1.5,6.72.10.11

READ INFUT DATA

FINISH

Fig. 6.

Subprogram CONDESCRIPTIVE--Four Variable Model
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RUN NAME REGRESSION OF RIDGE REGRESGION DATA

FILE NAME REGANAL , REGKESSION OF SIMULATED DATA

VARITABLE LIST RSO.(RL (K NVAR,MSE,MSELS

INPUT FORMAT FIXED(F4.3,T10,F7.3,720,F5.3,T30,F1.0,T32,F6.3,T40,F48.3)

N OF CASES 115
INPUT MEDIUM CARD
VAR LABELS RS0, R-SOUARED<LS>/RL, INDEX OF MULTICOLLINCARITY /K K~-INCREMENT/

NVAR,NUMRLCR OF VARIANLES IN MODCL/MSE,MEAN SQUARE ERROR/
MSELS.MEAN SDUNRE ERROR LEAST SQUARES/

COMPUTE MSERAT10=MSELS/MSE
" COMPUTE CROSS 1=eRSOYRL
COMPUTE CROSS2aRGOK
COMFUTE CROSSS=RGDANVAR
COMPUTE . CROSS4=RL¥K
COMPUTE CROSSS=RL¥NVAR
COMPUTE CROSS&=KINVAR
COMPUTE RLSO=RL %2
COMPUTE KSOQ-Kex2
COMPUTE NVARSD=NVNRK K2
COMFPUTE RSQSQ=RS0%¥2
PRINT FORMATS MSE,MSELS,MSERATIO. RS0, K, CROSS1 TO CROSS4,RLSA, K5Q, RSOSA,
RL(3)/ :
LIST CASES CASES=115/VARIARLES=ALL/
REBRESSION METHOD=STEFWISE/
' VARIAELES=NRSQ.RL, ¥, NVAR, MSERATIO,CROSS1 TO CROSSS,RLSQ,KSA,RS0SA,
NVARSQ/

REGRESSION=MSERATIO(10,1.0,,001,0.9) WITH RS@,K,NVAR,RL,
CROSSt TO CROSS&(1) RESID=0O/

B8TATISTICS ALL

READ INPUT DATA

FINISH

F , Fig. 7. Regression Program--Linear Model E
13 |




RUN NAME
FILE NAME

REGRESSION OF RIDGE REGRESSION DATA
REGANAL | REGRESSTOM OF SIMULATED DATA

VARIABLE LIST RSO.RL,K,NVAR,MSE,MSELS
INPUT FORMAT FIXED(F4,3,T10,F7.38,T20,F5,.3,T30,F1,0,732,F6.3,T40,F6.3)

N OF CAGES 108
INPUT MEDIUM CARD
VAR LABELS REG, R-SDUAREDCLS>/RL, INDEX OF MULTICOLLINEARITY/K K-I1NCREMENT/

NVAR, NUMRER OF VARIARLES IN MODEL/MGE,MCAN SOUARE ERROR/
MSELG,MEAN SQUARE ERKROR LEAST SOUARES/

COMPUTE MSERAT 10=MSELS /MSE
COMPUTE CROSE L =iSNERL
COMPUTE CROGGD=RG04K
COMPUTE CROSS I+H00NVAR
COMPUTE T CROSG ARtk
COMPUTF CROGES=RI_ENVAR
COMPUTE CROS36-K FHVAR
COMFUTE RLSO=RL k42
COMPUTE KO-k ¥ x2
COMPUTE NVARSD=NUARS k2
{ COMPUTE RSOGO=R30« %2
PRINT FURMATS MK, MSELS.MSERNTIO,RE0,K,CROSSL TO CROSS6,RLSA, KSA,RSOSE,
RL(3) 7
‘ LIST CASES CASES=108/VARIARLES=ALL/
REGRESS 10N METHON=5TEFWISE /
VARIARLES=RSQ, RL, K, NVAR, MSERAT10, CROSS! TO CROSS&,RLSOD,KSA, REOSQ,
\ NVARS(/
KEGRESSION=MSERATIO(10,1.0..001.0.9) WITH RSO, K,NVAR,RL,
CROSS1 TO CROSS6 (1) RESID=0/
STATISTICS ALL

FINISH

_—

T
-

— Tt

vy

- READ INPUT DATA

Fig. 8. Regression Program--Log-Linear Model
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Appendix G

Linear Model Data




“yw

CONEENTS OF CASE NuMBER

SEQHUN H

14 0
CROSS1 11.380
CROSSS 0
CONTENTS OF CASE WyMbER
SCONUN 2.

X o W020
CROSSH 11.380
CROSSS .080
CORTENTS OF CASE NunpeR
SEQNUN 3.

4 .04
CROSSI 11,380
CROSSS 160

CONTENTS OF CASE NUNEER

SEQNUN 4
X [
£80551 €2.534
CROSSE 0

CORTENTS OF CASE NUMGER

SEQNUN 3.

K 020
CROSSY 82,534
CROSSS .080
CONTENTS OF CASE NUMBER
SEQuUN 4.

4 040
CROSSY B2.538
CROSSS 160
CONTENTS OF CASE NUMBER
SEQNUN 1.

X 0
CROSSH 85.420
CROSSS 0
CONTENTS OF CASE NUNBER
SEQ!UN 8,

X 040
CROSSY 85.420
CROSSS 60 .

CONTENTS OF CASE nnpER
?

SECNIN .
4 080
CROSSY 85.420
CROSSs J2
COHTENTS OF CASE NUMPER
SLanUn fo.
4 0
CFNSSy 90,518
CROSSS 0

i
SUBT ILE
NVAR
CROSS2
RLSQ

2
SUBFILE
NUAR
CROSS2
RLSG

3
SUKFILE
HVak
CROSS?2
RLSQ

[
SUBFILE
NVAR
CROSS2
kLSO

3
SUsFILE
KVAR
(RQ252
RLSD

)
syeFLe
NVAR
(r0ss?
RLSQ

!
SUBFILE
NVAR
CROSS2
RLSQ

8
SUBRFILE
Nvér
CRosS?
RLSO

9
SUBFILE
HVAR
Ckass?
rLSQ

10
SUBFILE
RVAR
CROSE?
RLSG

REGANAL
LR
0
822,309

REGANAL
L
Db
8226.309

REGANAL
i
.03}
8225.309

REGANAL
LR
0
8226.309

REGARAL
i
.018
8226.309

RESARAL

4,
036
8226, 309

REGANAL
L
0
224,309

REGANAL
i,
.018
8226.309

AT GANAL
)
N7
8226.309

REGANAL
i
¢

8226.39

CASKGT
HSE
LKOSS3
Ks@

CASKGT
NSE
CROSS3
(4]

CASWBT
NSE
CROSS3
KSe

CASHET
MSE
CROSS3
Ks¢

CASNGT
MSE
(kOSS3
181

CacHeY
SE
(ROSS3
4]

CASHGT
NSE
CROSS3
kSg

CASHGET
NSE
£R0553
ks¢

TaSHGT
nog
TkM353
k59

CRONRY
3
(#0553
(43}

1. %000
22,591
3. 148

1.0000
1.39¢
3.148

000

1. 0000
.80t
ALL]
1002

1.0000
7.008
3,640

1. 0000
. 488
3. 640
000

3. 0000
280
3,840
002

1.0000
4,688
3.776

1.0000
168
L1
.002

1. 0000
.03
3%
. 008

1.0000
A
L

73

L]
nSFLS
CRUSTY
NVARSD

RsQ
KSELS
CrOsSe
NVARSO

RS0
R3ELS
{rnssa
NVARSQ

RS2
HSELS
CEDESY
NVARSD

RSQ
LRI4R
CROS54
RVARSD

RS
KoELS
CROSSA
KVARSD

/SH
KSELS
fRYste
NVARSE

Lt}
NSELS
SAUAN]
KVALSQ

RS
kLS
[gyiiad}
NUAISD

KR
LR

errse
NVARLD

94
4,608
J.628

16.

94
L
175

18.

.998
A8

AL
NCERATIO
CROSSS
RSQS50

Rt
KSERATID
CROSSS
RS85Q

LR
HSERATIO
CkOSES
RSQSQ

oL
NSEPATIO
[ROSSS
k5050

L
NSERATIO
0555
RSO57

RL
NSERATIO
CROSSS
R385¢Q

LIS
NSERATIO
ERDSSS
RSOSD

RL
NIIRATID
(RO%SS
RSOSE

Rl
NZERATID
CRO5SS
RS0S

R
hoCRATIO
CROSSS
RSISO

90.499
1.000
382.79
619

90. 499

16,948

382,754
419

50.499
28,203
362,79
b19

90.699
1.000
382.79
+828

90.499
16,184
362,79
.828

$0.499
8.1
382,79
.828

50.699
1,000
362,794
.891

90,459
.24
382,79
.89

90,459
20,409
162,79
89!

90.499
1.000
182,798
.99




—
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CCNTENTS OF CASE NUMEER

SEGNUN .
K .020
CROSSY 90.518
CROSSS .000
CCRTENTS OF CASE NUMDER
SEONUN 12
r .040
CROSSI 90.518
€ROSSS 160

COMTENTS OF CASE NUMBLR

SEQNUN 13.
K .000
(F0S51 90.518
CrOSSs 320
CONTENTS OF CASE NUNBCR
SCOKUN i
K 0
CROSSY 33.993
CROSS 0

CONTENTS OF CASE NUMEER

SCONUN 13,
4 015
CROSSE 15,995
CrOSSE 045

CONTENTS OF CASE NUMBER

SEGxuN té.
¥ 020
CRASSE 35,993
CROSSH . 080

CONTENTS OF CAST NUMBER

SEQNUN 17,
K 040
CRO3SI 35,955
CROSSS 120

CONTENTS OF CASE NUMBER

SEQNUN 18.
X 0
C0SS) 44,893
CRO5S4 0

CONTEXTS OF (/50 NUMEEP

SEGNUN 19.
K 015
CRO3S1 P63
CROSSH 045

CONTENTS OF CASE WIMECR

SEQNUN 20.
X .020
CROSSE 4,893
CROSSE .080

t
SURFILE
NVAR
CRCSS2
RLEQ

12
SUCFILE
NVAR
(RSS2
ALSQ

13
SURETLE
NVAR
CROSS2
RLSO

14
SURFILE
NVAR
CRO5S2
RLSO

15
SUREILE
NVAR
CROSS2
RLSG

14
SULFHLE
RVAR
(RSS2
RLSD

17
SUHFILE
NVAR
CROSS2
RLSQ

18
SUBFILE
Wven
CROSS
RLSO

19
SURTNE
NVAR
CP0OSS2
RLSO

20
SUPFILE
NVAR
(ROSS?
fLSe

REGANAL
i,
.020
8226.309

REGANAL
¢
040
8226. 309

REGANAY
L,
.080
8225.309

REBANAL
AN
0
2584.807

REBARML
3.
014
2584.807

REGANAL
3.
014
2584.007

REGANAL
3.
.N28
2584,207

RERANAL
3.
0
1504.807

PEGANAL
3
.013

2304.827 -

REGANAY
3.
L0410
2584,007

CASKGT
NSE
ChOSS3
kse

CASHGT
hSE
CROSS3
KS@

CASNGT
HSE
CROSSS
kS

CASUGT
Me
CROSSS
Ks@

CASYGY
H3E
CKOSS3
¥se

CASMGT
LEs
CROSS3
kS

CATHGY
83
CROSSY
xse

CASESY
HSE
{rs83
¥sQ

CASRGT
NSE
CrOsss
KSQ

CASHGT
ng
CROSSY
Y50

74

1.0070
.012
J.992
.000

1.0000
.008
3.992
.002

1. 0000
. 005
1.992
006

1.0000
10,941
2.1

1.0000
1,497
2,124
.000

1.0000
1119
2,124
000

1.0099
LS80
212
.002

1,000
10
2.649

¢

1,090
A4
2449
000

1.0%00
.39
2.649
000

RSO
HSOLS
CROSSA
NVARSD

RSQ
M3ELS
Crnsse
NVARSE

RSO
hSELS
CRESS
NVARSQ

RSO
NSELS
CRNSS4
NVATSO

RS
NCELS
CrOsS4
NvARSE

RS0
niLs
Crashe
NVARSE

rse
HEELS
Crosse
HYARSD

RrSE
HSELS
CRRSSY
NVARSE

&0
NSELS
CPOSSA
NVARSQ

REN
HEELS
Choced
RVARSQ

.998
.187
1.814
1.

.998
.187
1828
16.

.998
.187
1.256
16.

.108
10.941

9.

708
10.941
183

. 108
10,941
1.017

708
16.94
2.034
9.

.883
3.310

.e83
3.310
763

.883
3.310
1.017

Rt
NSEFATIO
CRNSSS
RSGSO

RL
NSERATLO
CROSSS
RSQSQ

RL
NSERATIO
CROSSS
RSESQ

RL
HSERATIO
CROSSS
RS05Q

Rt
KSEFATIO
CF0SSS
RSQSQ

RL
NSEEATIO
CRO3SS
R58S8

RL
NETRATIO
CROSSS
RSQSQ

RL
KSERATID
CROSSS
RS8SQ

RL
NSERATIO
CROSSS
RSGSQ

RL
HSERATIO
CROGSS
RSG50

90.459
15.583
362,794
99

%0. 699
23,375
362,79
.99

90,659
37,400
382,798
596

50.841
1,000
152.523
]

50.841
.19
152,523
501

50.841
.
152.523
. 501

50.841
19.537
152,523
501

50,041
1.090
152,523
. 180

50. 841
1.9
152.523
780

50.841
9.764
192,523
. 180




CONTENTS OF CASE NUMBER

SEQHUN 2.
4 040
CROSSY 44.893
CROSSS 20
CONTENTS OF CASE NUNBER
SEQNUN 2.
K 0
CROSSH 50.430
CROSS 0
CORTENTS OF CASE NUMBER
SEQNUN 23.
14 015
CROSSE 50.430
CROSSH 045
CONTENTS OF CASE NUMBER
SEQUUN u.
X .020
CROSS! 50.438
CROSSS 060

CONTENTS OF CASE NUMBER

Seonun 2.
K 040
CROSS! 50,638
CROSSS 120
CONTENTS OF CASE NUMBER
SEQNUM 26,
X 0
CROSSS 6.657
CROSSS 0
CONTLHTS OF CASE NUMBER
SEanun 2.
K .020
CROSST 8.557
CROSSS .080
CONTENTS OF CASE NUMRER
SEQRUN 28.
K 040
CrO551 8,457
CROSS& 140
CANTENTS OF CASE “UMPRER
SEQRUN 9.
K 0
LROSSH [
CRO3SH 0
CONTENTS OF CASE “UMPER
SEQNUN 30.
4 020
CROSSH 5.916
CROSSY .080

!
SUBFILE
NVAR
CROSS2
RLSQ

by
SUBFILE
NVAR
CROSS2
RLSO

3
SUBFILE
NVAR
CROSS?
RLSO

24
SUBFILE
NVAR
CROSS2
RLSO

23
SUBFILE
NVAR
€ROSS2
RLSQ

2%
SUEFILE
NVAR
CROSS2
RLSE

n
SUSFILE
NVAR
CROSS?
ALSQ

28
SURFILE
NVAR
CROSS?2
RLSQ

7
SULFILE
NVAR
Cro5s2
LSO

30
SURFILE
RV
€ROGS2
ALSO

REGANAL
A
.033
25684.807

REGANAL
3.
0
2584.807

REBANAL
L
.015
2564.807

REGANAL
AR
.020
2584807

REGANAL
3.
00
236¢.807

REGANAL
i,
0
49,589

REGANAL
i
014
69,3589

REGANAL
A
032
49.589

REGARNL
i
[
49,389

REBANAL
[N
017
89.%09

CASHGT
st
€ROSSI
KsQ

CASWGT
NSE
CROSS3
(&)

CASNGT
HSE
CROSS3
s

CASNST
HSE
€ROSSY
KS0

CASHGT
KSE
LROSSI
L&)

CASHGT
[
CROSS
¥s

CASHGY
MSE
CROSSI
KSQ

CASHGT
ASE
CROSS3
(&1

CASHET
NSE
CROSS]
KSQ

CASHGT
HiE
CROSS3
K59

1.6000
170
2.449
.002

1.0000
109
2.988

1.0000
018
2.968
. 000

1.0000
012
2,988
.000

1.0000
.007
2.988
.002

1.9000
1,417
3192

1. 0000
854
3.192
. 000

1,0000
.88
3.192
002

1,9000
1.294
3318

1.0000
684
3.318
. 000

RSO
KSELS
Cross4
NVARSQ

RS0
HSELS
CROSSA
NVARSQ

RSO
PSELS
CROSS
NVARSO

RS9
NSHLS
CRDSSY
KVARSE

RSQ
KSELS
CE0554
HVARSQ

RS
HSELS
CrOS54
KVARSQ

RSQ
NSELS
CROSSA
NVARSG

Ren
KCELS
CROSS4
NVARSD

kG0
NGELS
CrQ554
NVARSQ

RS0
neQrs
[RZS54
MVARSD

.BR3
1.310
2,034

9.

.99
109

99
109
783

.99
109
1.017
9.

.59
109
2,034

.798
1.617

.58
1.817
87
15.

.98
1.617
L]
té.

829
1.294

.829
1.294
187
18,

RL
NSERATIO
(ROSSS
RSQSQ

RL
NSERATID
CPOSSS
RS05Q

AL
MSERATID
CROSSS
RSQS0

Rt
NSERATIO
£ROSSS
RSQSQ

RL
NSERATIO
CROSSS
RS0SQ

LI
NGERATIO
CROSSS
RS@SQ

fL
NSTRATIO
CROSSS
RSGSQ

RL
HSERATIO
CROSSS
RSOSE

RL
MSERATID
CROSSS
RSOSO

RL
HSERATIO
CR0SSS
RSQSG

50.841
19.41

152.523
. 180

50.841
1,000
152,523
.992

50.84
4.812
152,523
.992

50.84§
9.033
152.523
.992

50.844
15.51
152,521
992

8.342
1.000
33,348
437

8.342
1,893
33.348
437

8.312
2.7%0
33,348
437

8.342
1,000
33.348
487

8.342
1.892
33.348
487




o e

CONTENTS OF CASE NUMEER

SEQNUN 3t.
K 060
£/0SS1 6.916
CROSSS L2400
CONTENTS OF CASE NUNKER
SEaNUN 3.
K 0
CROSS) 1,788
CROSSS 0

COMTENTS OF CASE NUMRER

SEQNun 1.
K 020
CRNSSI 7.76b
CROSSH 080
CONTENTS OF CASE NUNBER
SEQNUN 3.
¥ 060
CROSSI 7.746
CROSSS 240
CONTENTS 0F CASE NUMRER
SEQNUN .
X 0
CrO3S1 8.317
CROSSH 0
CONTENTS OF CASE NUMBER
SECHUN 38,
K .020
CROSS! 8.317
CROSSS .080
CONTENTS OF CASC MUNBER
Seanun 37,
K 040
CROSSt 8.317
CROSSS 180
CONTENTS OF CASC HUMKER
SEQNUM 8.
3 0
cansst 5.1
CROSSH 0
CONTENTS OF CAST NUMACR
SEONUN 19,
K . 005
CROSS1 3.313
CROSSS L0135
CONTENTS OF CASE NUMBER
SEQNUN 10.
K 070
CR0SS1 5.313
CRNS54 080

A}
SURFILE
KVAR
CROSS2
RLSO

n
SURFILE
NVAR
Cr0ss?
RLSD

13
SURFILE
NVAR
CRGS52
RLSA

34
SURFILE
KYAR
€POSS2
RLSO

35
SUBFILE
NVAR
CROSS2
ALSS

38
SUBFILE
NVAR
CRO5S2
RLSQ

37
SUBF ILE
AR
CROSS2
PLSD

38
SURFILE
RV/R
CROSS2
RLSO

39
SUPFILE
NUAR
CROCS2
RLSQ

10
SUBFILE
NVAR
Crass?2
RLSO

REGANAL

4.
L0359
69.539

REGAUAL
L
0
69,589

REGANNL
]

019
69,589

REGANAL
LB
.03
69.569

REGANAL
LB
0
49,589

REGANAL
A,
.020
69,589

REGANAL

i,
040
69.539

REGANAL
3.
0
98,247

REGARM

M
L0084
0.0

REGiAnAL
L
Null
%8.200

CASNGT
NSE
CROSS3
kS8

CASKGT
HSE
CROSS3
141}

CASHGT
MSE
CROSS3
kS0

CASWGT
HSE
CROSSI
ks@

CASNGT
MSE
CRASSY
kS0

CASKRT
NSE
CROSSS
KSQ

CASKGT
HSE
CROSES
Ks0

CASHGTY
MSE
CROSS3
(31

CASWGT
HSE
CROSS3
kSQ

CASEBT
NSE
CROSSS
1.50

76

1.0%00
. 361
338
.004

1.0000
448
3.

1.0000
.57
3.2
000

1. 0000
128
3.
008

1,0000
.018
1.9¢8
0

1.0900
019
3.988
000

1.0000
007
3.908
.002

1,0000
1.4690
.112

0

f. 0000
1.445
2.112

.000

1.0000
1.008
2112
. 000

RSQ
REELS
CrOSSA
NVARSE

RSB
NSELS
CENSSH
NVARSD

RS
KSELS
CROSS4
NYARSO

RSQ
NSELS
CROSSY
KVARSQ

rsa
nIELS
CROGSS
HVARSQ

rse
PSELS
CPOSSH
NVARSD

R
nors
(RS54
NVARSQ

RSO
NGELS
CROGSA
NVARSO

RSN
NoELS
[ROSSA
KVARSO

peQ
rSLLS
[Sxeae}
KYARSQ

829
1.294
501
ié.

.93
A48

99
.018
.67

16,

.997
018
I

16,

104
1.6%0

104
1.690
038
9.

704
1.4%0
133
9.

rL
NSERATIO
€Resss
RSQ50

Rl
NSERATIO
CROSSS
RSQSQ

RL
NSERATIO
CROSSS
RSQSQ

RL
NSERATID
CROSSS
RSESQ

RL
HSEPATIO
CRESSS
RSOSQ

AL
NSERATID
CROSSS .
RS0

RL
NSERATID
CROSSS
RSGSQ

RL
HSERATIO
CROSSS
RSESQ

RL
NSERATIO
CROSSS
RSOSQ

RL S
HSERATIO
CPOSSS
RSQS0

8.342
3.584
13.348
487

8.342
1.600
13.368
847

8.2
1.890
13,38
1Y)

8.342
3.356
13,348
.867

8.142
1.000
33,348
994

8.342
1,800
33.340
994

8.142
2.5n
33.368
994

1.632
1,000
22.8%
A%

1.632
1170
22,09
NS

1,602
1407
22.094
A9




CONTENTS OF CASE NUNBER
SEUNUN M.

K 200
CROSSI 5.313
CROSSE .600
CONTERTS OF CASE NUMRER
SEONUN 42,
K 0
CROSS! - 4,138
CRDSSS 0
CONTENTS OF CASE MUMBER
SEQHUN 1.
K .005
CROSSE 8.138
CROSSH 015
CONTENTS OF CASE NUMBER
SEQNUN ",
4 020
CROSSI 5.138
CROSSH . 060
CONTENTS OF CASE NUNBER
SEQNUN 4.
K 120
CROSS) 5,138
CROSSH 360
CONTENTS OF CASE NUMBER
Seonum 4,
K 0
CROSSE 5.989
CROSSS 0
COHTENTS OF CASE NURSER
SEQNUN 7,
K .020
CRASSY 8.849
CROS56 080
CONTENTS OF CASE NUNBER
sconun i8.
X 040
CROSSH 6.049
CROSSH 120
CONTENTS OF CASE NUMBER
SEQNUN (1R
X 0
CROSSY 1.594
CROSSE 0
CONTENTS OF CASE WUNBER
SEQNYN 30,
4 .020
CROSS1 71.5%4
CRDSSH 060

[}
SULFILE
NVER
CROSS2
RLSQ

2
SURFILE
WaR
CrOsS2
RLSO

4
SULFILE
NVAR
Crass?
RLSO

i
SURTILE
NVAR
CROSS?
RLSE

5
SUBFILE
HvAR
CROSS2
RLSQ

L1
SULFILE
NVAR
CROSS?
RLSa

Y
SUPFILE
HVAR
CRNSS?
RLSD

‘e
SUEFILE
NViR
CrOZS2
RLSQ

(L)
StRFILE
NViR
Cr02S2
RLSQ

50
SULFILE
NVAR
Cr0Ss2
RLSO

REGANAL
3.
A4
38.207

REBANAL
1

0
58. 247

REBANAL
3

. 004
8.2

REGANAL
AN
018
58.247

REGANAL
3
.09
38.207

REBANAL
AN
0
38.247

REGANAL
A3
.018
58,247

REGANAL
L
038
38.207

REGANAL
3

b
38.202

REGANAL
AN
079
58.202

CASKGY
KSE
Cr0ss3
¥se

CASKGT
NSE
CROSS3
Ks¢

CATNGY
NSE
£RDSS
kS0

LASHGT
NSE
CROSS3
ks

CASHET
NSE
£R0SS3
Kse

FASHET
NSE
CRDSS3
¥So

CASKGT
HSE
CROSSS
Ks@

CASHGT
HSE
Crissy
1]

CASHGT
MSE
CFOSSY
1]

CASHGT
NS
CROSSY
kSQ

1.0000
200
2112
040

1.0000
.951
2.412

1.0000
813
2.412
000

1.0000
87
2412
+000

§,0000
.180
2.412
014

1.0000
A2
2,700

1.0000
252
2,700
000

1.0000
79
2.700
.002

1. 0000
00
2.585
0

1.6000
010
2.509
.000

RSO
H3ELS
CROSSH
NYARSR

RSO
nGFLS
CRCSS
NVARSE

RSO
KSOLS
CROSS4
NVARSQ

RSR
HSCLS
CROSS4
RVARSE

RSD
KSELS
CRO3SH
KVARSE

RSQ
MIELS
CrNSSe
NVARSQ

RS9
HIELS
L0554
NVARSQ

k<R
ISELS
CROGGE
NVARSO

RS0
Ns(Ls
{FOSSH
NVARSQ

RS2
NSELS
CROSSY
NVARSO

704
1,690

1.528

f.

.804
.95¢

804
851
.038

9.

804
.951
453

9.

.80d
.95t
914

. 400
A3

900
A2
A5

. 900
423
. 305

9.

. 975
.07

.95
o7
A5y

9.

RL
NSERATID
€ROSES
RS05@

RL
HSERATIO
CROSSS
RSGSQ

RL
HSERATIO
CROSSS
L

R
NSERATIQ
CROSSS
RS050

RL
HSERATIO
CROSSS
RSS9

RL
NSERATID
CROSSS
RSQSQ

RL
NSEFATIO
CROSSS
RS@SQ

R
HSERATIO
CROSSS
RSASY

fL
NSERATIO
CROSSS
RSSO

Rt
NSEKATIO
Cr05S3
RSSO

7.432
8,130
22.8%
A9

1.632
1,000
22.8%
646

7.832
1.7
22,89
444

1.632
1.617
22.09
bl

1.4632
3.283
22.8%
11

1.632
1,000
22.89%
810

1832
1.679
22,89
810

1.432
2,343
22.8%
810

1.612
1,000
22.8%
. 990

1832
1,700
22.8%
990
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CONTENTS OF CASE NUMKER

SEQNUN st
4 040
CROSS! .59
CROSS8 120
CONTENTS OF CASE NUMBER
SEQnuN 52,
4 - 0
CROSS! 1,218
CROSSS 0
CONTENTS OF CASE NUMBER
SEONUN 3.
X 040
CROSSE 1.218
CROSSH 160
CONTERTS DF CASE NUNBER
SEaNuK 54,
X 120
EROSSt 1.218
CKDSSH . 480
CONTENTS OF CASE NUNBER
SEQuUN 55.
K .380
CROSSY 1.278
CROSSS 1,520
CONTENTS OF CASE NUMBER
SEQNUM 6.
X 0
CROSSI 1.395
CROSSH 0

CONTENTS OF CASE NUMKER
SLani 57,

X 040
CROSSY 1,393
LRO5SS 160
CONYENTS OF CASE NUMBER
SEONUN 58,
X .000
CROSS! 1,393
CRDSS4 .320
CONTTNTS OF CASE NUMBER
Seonun 59.
X [
CROSSY 1,54
CROSSS 0
CONTENTS DF TASE NUMBER
SEaNUy 0.
4 040
CROSSE 1,524
CRO35% 160

51
SUCFILE
KVAR
CROCS2
RLSD

52
SUOFILE
NYAR
Cross2
RLSD

53
SURFILE
KVAR
CROSS2
RLSO

54
SLEFILE
NVAR
CRNSS2
LS

55
SUPFILE
NVAR
£ROSS2
RLSD

56
SUBRFILE
NVAR
[ress?
RLSO

57
SULFILE
KVAR
(ROSS?
RLS

58
SUBFILE
NVAR
(r0S52
RLS®

3
SURFILE
NVIR
CRCSS?
ALSO

60
SURFILE
NVAR
CROSS2
Ri.SQ

REBANAL
AN
010
58.247

REGANAL
LB
0
2,359

REGANAL
1.
033
2.15%

REBANAL

4.
100
2,159

REGANAL
4
T
2.35¢

REBANAL
L
¢

2.359 *

REBANAL
i
.08
2.3%9

REGANAL
4
073
2,35¢

REBANAL
L8
0
2,159

RESANAL
[
040
2.359

CAS¥GT
HSE
£ROSSY
4]

CASHST
NSE
CPOSS3
KS¢

CAsesT
NSE
€ROSSI
KSQ

CASWST
HSE
CROSS3
KS¢

CASHET
HSE
CROSSS
K5Q

CASKGT
HEE
L0353
KS¢

CASKGT
KSE
£ROSS3
KsQ

CASHGY
HSE
LROSS3
Kso

CASUGT
HSE
CROSS3
k50

LASWBY
ns¢
£k0SS3
rse

1.0000
.008
2.965
.002

1.0000
070
3.2

1.0009
.082
3.320
.002

§.0000
.08
3.328
004

1.0000
54
3.3
84

1.0000
AUl
3832

1. 0000
,042
3.432
002

§. 0009
647
3.4312
005

1, 0000
.004
3.%68
0

1, 0000
007
3.%8
002

78

RS
KSELS
CROSSE
NVAKRSH

RSO
NSILS
CROSSH
NVARSO

reg
MSELS
CROSSH
NVARSQ

RSO
NSELS
CROSS4
NVARSQ

RS0
HSELS
CROSSH
HVARSQ

RSQ
HSELS
CROSSA
NVARSQ

RE2
NSELS
CROTS4
NVARSQ

RS2
HSELS
CrOSSH
NVARSQ

R°Q
NSECS
CrIss4
NVARSO

RSQ
ESELS
CFSSs
NVARSQ

.908
oM
081

t8.

.908
.04
A3

[é,

.992
004

.992
004
041

18,

RL
MSERATID
CROS3S
RSQSQ

Rt
NSERATIO
CROSSS.
RSase

RL
NSEPATIO
CRO5SS
RSESQ

R
FSERATIO
CROSSS
Rsase

RL
NSERATIO
CROSSS
RSOSE

RL
NSERATI0
CROSSS
RSQS0

RL
NZERATIO
CRDSSS
RSESO

L
HSCPATIO
CROSSS
RS0ST

RL
HSERATID
CROSSS
RSOS0

RL
NSERATID
CROSSS
ksSeso

7.632
2.125
22.0%
990

1.534
1,000
8. 144

692

1.536
1.098
5144

692

1.534
§.047
b.144

492

1.33%
.584
4. 144
692

1,534
1.000
s.144

824

1,534
1,048
b 144

824

1.53%
136
8,144
824

1.33%
1,000
8,144

984

1,534
N
6,144
.984
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CONTENTS OF CASE NUMPER

SEONUN 8l.
4 100
CROSSI 1.524
CROSS4 400
CONTENTS OF CASE NUMBER
Seonun 82,
4 0
CROSS) 1.248
CROSSS 0
CONTENTS OF CASE NUMPER
SEQNUM 83,
4 040
CrOSSY 1.248
CROSSS 120
CONTENTS OF CASE NUMPER
SEONUN 18
4 080
CROGST 1.24
CROSSS 240

CONTENTS OF CASE NUMBER

SEDNUN 3.
4 120
CROSSt 12148
CROSSH .J60
CONTENTS OF CASE NUMEER
SEGNUN (18
14 0
CROSSY 1,583
CROSS4 0
CONTENTS OF CASE NUMBER
SCaNUN o7,
K 020
CrRoss1 1,483
CRDSS4 060
CONTENTS OF CASE NUNBER
SEQNUM 48.
X . 060
CROSS1 1.443
CROSSS .180
CONTENTS OF CASE MUMBER
seonun 89.
4 0
CROSSY 1.819
CROSSS 0
CONTENTS OF CASE NUMBER
SEPNUN n.
L4 029
CROSSL (919
CrOSSH 060

81
SUBFILE
NViR
CROSS?
RLSQ

82
SUBTILE
NVAR
[ross2
RLSO

43
SUAFILE
KVAR
CROSS2
RLSO

8
SUBFILE
NVAR
CROSS2
RLSQ

65
SUBFILE
NVAR
CROSS2
RLSO

L1}
SURFILE
Nvag
(ROSS?
RLS@

87
SURFILE
NViR
CROSS?2
RLSO

48
SUBFILE
RVAR
CrQsS2
RLSO

13
SURFILE
NVAR
CKoss2
RSO

70
SUBFILE
RViR
CRO5S2
RLSR

REBANAL
[
099
.39

REGANAL
I

¢
3 348

REGANAL
AN
0
3.34¢

REGANAL
AN
054
334

REGANAL
M
. 032
3.349

REGANAL
3.
y
3.349

REGANAL
I
018
1349

KEGANAL
AN
,055
3.349

REGMIAL
3
0
3.34%

REGANAL
L
020
1349

CASNGT
HSE
CROSS3
¥sa

CASust
HSE
CRESS3
KSg

CASWGT
KSE
[RDSS3
147}

CASw6T
NSE
[RD3S3
ksQ

CASwGT
ASE
(70553
]

CASHGT
L5 3
(50383
KSQ

CASWGT
L&
Cr0SS3
Ks@

CASHGT
RSE
CROSSY
rse

Crougt
413
CROSS3
xsQ

Chsyst
HSE
CROSS3
41

1.0000
021
3.968
010

1.8000
L]

2,043

1.0080
. 204
2.043
.002

1.0000
237
2.043
.00

1,009
)
.04
018

1.0000
089
20

1.0000
.06t
2.1
000

1.0000
.052
2.0
004

1.0000
004
2.982

f.0000
. 004
2.982
000

79

RS0
rseLs
CROSS4
NVARSO

k3q
NSELS
CROSS4
RVARSD

RS2
NSELS
CRrOSSH
NVARSQ

RS
NSELS
CROSSE
NVARSS

k57

RE S
Crnsse
KVARSD

k50
KSELS
(rosct
WVARSE *

RS9
KSELS
CrO3S4
NVA%SG

RSQ
noELS
CPOSSE
NVARSE

RSO
MOELS
(R4
NVARSE

RYD
MEHLS
CROSSA
NVARSQ

992
004
A58

18,

484
.348

681
MY
L0713

.481
348
48

9.

631
348
220

908
049

.909
068
o5

909
089
110

994
004

Al
008
037

9.

kL
NSERATIO
CRDSSS
RS0S0

L
NSEFATIO
CROSSS
RS@se

RL
NSERATIO
CROSSS
5050

fL
NSEFATID
70353
ROQSQ

AL
NSEFATIO
CROSSS
RSQSQ

Rt
NSEFATIO
(ROSSS
RSDSD

RL
NSEFATIO
CROSSS
RSQSQ

RL
PSERATIO
CROSSS
RSG50

AL
NSERALTIO
CROSSS
R5050

RL
NSERATIO
CRO59S
RSOSQ

1.536
190
b. 144
984

1.830
1.000
5.490

A

1.830
1,218
5,490

A8

1.830
1448
5.490

11

1.830
1,489
5,490

484

1.830
1.600
5,499

828

1,830
.13
5.490

826

1.830
137
5.490

826

1.830
1.000
3.499

.88

1.830
1.600
5,490

.08




CONTENTS OF CASE NUMBER

SEQHUN n.
X 040
CROSSY 1.819
CRO3S4 20
CONTENTS OF CASE NUMBER
SEONUN - n.
14 0
CROSS! 53,600
CROSS4 0
CONTENTS OF CASE NUMBER
SEQNUM 13,
X 005
CRASSI 63,000
CROSSA 01¢
CONTENTS OF CASE NUMBER
SEQNUN ",
X 010
CROSSH 63,000
LRSS .020
CONTENTS OF CASE NUMBER
SEQNUN 3.
14 .025
CROSSH 83.000
CROSSS 050
CONTENTS DF CASE NUMBER
SEQNUN L
4 0
{ROSSY Be. 110
CROSSE 0
CONTENTS OF CASE HUMBER
SEQNUN m.
X 015
LROSS! 8%.110
CROSS4 .030
CONTERTS OF CASE NUMBER
SCONUN 78,
4 030
CxOS51 89.110
CROSSH 060
CORTENTS OF CASE NUMBER
SEONUN 9.
X .040
€rasst 89.110
CROSS4 .080
CONTENTS OF CASE NUMBER
STonun 80,
k ¢
CROSSI 104,954
CROSSS 0

n
SUBFILE
NVAR
[RDSS52
RLSQ

n
SUBFILE
NVAR
LROSS2
fLSa

73
SURFILE
NVaR
CRO3S2
RLSG

74
SUBFILE
NVAR
CROSS?2
RLSQ

75
SUBFILE
NAR
CRrDSS2
RLSO

7%
SUBFILE
NVAR
CROSS2
RLS

17
SUDFILE
NVAR
CROSS?
RLSQ

8
SURFILE
NVAR
CROSS2
ALse

9
SURFILE
WVAR
ERRS3?
RLSO

Bo
SUBFILE
NVAR
CROSS2
RLSQ

REGANAL
3.
.04
3349

REGANAL
2,
0
14345.3112

REGANAL
2.
003
14345.332

REGANAL
2.
005
14345,332

REBANAL
2.
013
14345.332

REGANAL
2
0
14345,332

REGANAL
2
.01l
14345,102

REGAMAL
2,
022
14345, 332

REGANAL
IS
010
14345, 332

REGARAL
2
0
14345.332

CASNGT
HEE
CROSS3
kSg

CASWGT
NSE
CROSSI
%58

CASHGY
NSE
CROSS3
ksg

CASKEY
NSE
CROSS3
KS@

CASKST
nee
CRASS3
&)

CASKGT
HEE
LRSS
KsQ

CASHGT
NSE
CROSSI
s

CASKGT
*SE
CrROSS3
ks

CASYGT
KSE
ChD583
150

casuat
133
{resss
kS0

109
004
2.982
.002

1,0490
27,272
1.052
0

1,9000
6.221
1,072

.000

1.0000
2.891
1,052

.000

1.0000
.825
1,032
001

1.0000
9.998
t.488

1.0000
L]
1,408
000

1.0000
.228
1.438
001

1.0000
A15
1.480
002

1.0060
.40
1,78

0

80

R
MSELS
CROSSA
NVARSG

RSQ
nseLs
CROS54
NVARSD

RSQ
MSELS
CROSS4
NVARSQ

RSQ
NSELS
CROSSH
NVARSQ

RSD
MSELS
CRO5S4
KVARSD

RSQ
MSELS
CROSSA
NVARSQ

RS
HSELS
CrOSSe
NVAKSD

kSR
NSELS
CPOSSE
NVARSQ

asq
¥SELS
{RO554
AVARSQ

RSO
rus
CRNSSH
VARGQ

.99
004
L0713

\2

.52
.

4.

An
7.1
S9¢
4

52
2.1
t.198
L}

.52
21112
7.994
i

Ju
9.998

8
9.9%8
1,197

4
9.998
1593

L

RLL}
%.9%8
479

893
A0

{

RL
NSERATIO
CROSSS
RSSO

RL
NSEPATIO
(ROSSS
RSOSG

RL
NSEPATIO
CROSSS
RSQS2

LN
MSERATLO
CROSSS
RS3SH

RL
NSERATIO
CROSSS
Rsose

RL
NSERATIO
CROSSS
RSQSE

L
NSERATIO
CROSSS
RSQSQ

fL
ASERATIOD
(ROSSS
RS0SQ

L\
NSERATIO
CROSSS
RSESQ

R
NSERATIO
CROSSS
RSQSQ

.87
1,000
$.49)

.968

18.1m2
1,000
239.54
2N

119,112
4,464
219.544
.21

e, m
9.408
239,54
an

119.772
33,683
219,544
21

(9.1
1,000
219,504
354

1.m
18,283
239.544
554

Hm
43,851
239,544
554

119,772
85.939
239.544
53

119.72
1,000
39,54
a9




CONTENTS OF CASE NUMRCR @i

SEQNUN 8i. SURFILE  REGANAL " CasKsT 1. 0000 Rso .893 fit 119.772
[4 015 KVAR 2. MSE 209 HSELS 3.402 NSERATIO 18,218
CROSS! 106,956 (k0552 013 CROSS3 .75 CrosSs4 1.797 CROSSS 239.544
CRDSSA 030 RLSQ 14345, 332 KSQ . 000 NVARSQ { Rsgsa 097
CONTENTS OF CASE NUMBER @7

SEONUN ’ B2, SUBFILE  REGANAL CASKBY §.0000 RSQ . 893 Rt 119.772
K .030 NvAR 2. 33 .078 KSELS 1.402 NSERATIC 43,615
CROSSH 104,954 CROS52 027 CRDSS3 1.784 CROSS4 3.593 CROSSS 239.514
CROSSS 080 RLSQ 14345, 332 KS@ 00) NVARSQ 4 AS0Se 197
CONTENTS OF CASE NUKBER 83

SEQNUN 81. SUBFILE  REBANAL CASHGT 1. 0000 RSG .89 RL 1He.m
X 045 NVAR 2. NSE Y HSELS 3.402 NSERATIQ 17.318
CROSS! 106.954 CKkN5S2 040 CROSSY 1,784 CROSSA 5.390 CROSSS 239,544
CROSSS .090 RLSD 14345, 332 Kse .002 NVARSQ 4. RSESQ a9
CONTENTS OF CASE NUMRER 84

SEQNUM 84, SURFILE  REGANAL CASHGT 1.0000 RSO 990 RL 19.112
K 0 NYAR 2. NSE 278 RSELS .218 BSERATID 1.090
CRosSt 110.574 CADSS2 ] CROSS3 1.980 CROSSA 0 CROSSS 239,544
CROSSS 0 RLSD 14345, 332 (1] ] NVARSQ i RSQSG 980
CONTENTS OF CASE NUMBER 85

SEANUR 5. SUBFILE  REGANAL CASHGT 1. 0000 RSO 990 RL 119.7112
K 010 NVAR 2. NSE 017 MSELS 218 HSERATIO 15,353
CROSSI 118.574 {ROS52 010 CROSSS 1.980 CrOSSA 1,198 CROSSS 239.54¢
CROSSA 020 RLSQ 14345.332 *  «se 000 NVARSQ 4, RsQsQ .980
CONTENTS OF CASE KUMRER B

SEONUN 88, SULFILE  REEANAL CASHGT 1.0000 RSQ 990 RL 1He.772
(4 028 RVOR 1, HsE . 009 MSELS 2718 NSERATID 30,089
CROSSI 118.574 tross? .025 CROSS3 1.53n {ROSS4 2.9 CROSSS 239.544
CROSSS .050 RLSD 14345,332 (43 . 001 NvARSD 4, RS05¢ . 980
CONTERTS OF CASE NUNBER 87

SEANUN 87, SURFILE  REGANAL CASWGT 1.0000 RSO 990 RL {19.172
14 040 NVAR 2. NSE .005 NSLLS 218 NSERATID 55,400
CROSSY 118,574 CRD3S2 040 CROSS3 1,900 CROSSYE 479§ CROSSS 239,504
CRO5S4 .080 RLSD 14345.332 K5Q . 002 NVARSQ (8 /5050 .980
CONTENTS OF CASE NUMBER 68

SEQNUN 28, SURFILE  REGANAL CASHGT 1. 0000 L) 740 L 13.42¢
[ 4 [} Hyin 2, MSE 1.13% KSELS 1,138 NSERATID 1.000
CROSSE 9.9%4 CrOSS2 0 CROSS3 1.480 CRGSSE 0 £R045S 25,848
CRDSSH . 0 fLse 180, 204 xS@ 0 NVARSQ 4, RSESQ 548
CONTENTS OF CASE NUNBER 89

SEQNUN 89, SUBFILE  RERANAL CATUST 1.0000 RSO .T40 RL 13424
4 005 Nvip 2. LE13 LA9 MSCLS 13 NSERATID .29
CROSSI 9.934 CRO%52 004 £RO5S3 1. 440 CROSS4 087 CROSSS 26.849
CROSSS .010 RLSO 180. 204 ksQ 000 NVARSD i, RS05Q 548
CONTENTS OF CASE NUNBER 90 L
SEONUN 90, SUPFILE  REGANAL CA5ugr 1.00%0 RSO 10 RL 13.424 g
[ 4 029 NVAR 2 NsE A5 hSELS 1,134 NSTRATIO 2.801 W
CROSSI ?.9% CROSS2 018 L0553 1.430 CKOSSH L3138 CReass 26,818 }
CROSSS . 050 RLSQ 180.204 ¥se 001 RVALSD 1. RSDSO 548




i‘.‘ ‘ CONTENTS OF CASE NUNDER O

p= SEQNUN 9. SUEFILE  REGANAL ChoesT 1,060 RSD 1T R 3.4
¢ .040 R 2 KSE .21 SILS 1.13 NSERATIO 4. 14)
CROSS! 9.934 £RG552 .030 CROSS3 1.400 CrOSSH .537 CROSSS  24.848
CROSSH .080 RSO 180,204 x50 ,002 NVARSQ s, RS0SY .58
CONTENTS OF CASE MUNBER 97
SEQNUN 9. SUEFILE  REGANAL LLSHET 10300 R30 863 n 1342
' . 0 NVAR 2 nE 505 NSELS .505 NSERATIO  1.000
CROSS! 11.585 CROSS2 0 £ROSS3 1.72 £ROSSH 0 (ROSSS  26.848
CROSSA 0 RLSO 180,204 KsQ 0 NVARSQ L #5050 L5
CONTENYS OF CASE NUWBER 9%
SEQNUN 9. SUBFILE  REGANAL CASKGT 1.0009 RSQ 863 R 1342
k .05 RVAR 2 HsE .391 MSELS .505 NSERATIO 1,292
CROSS! 11.585 {ROSS2 008 TROSS3 1.72 TROSSH 087 CROSSS 26,848
CROSSS 010 RLSD 180.204 Ksg .000 NVARSQ IR RS050 I
CONTENTS OF CASE NUMBER 94
SEQNUN n. SUPFILE  REGANAL CASHBT 1,0000 RSO 853 L 13,424
X .020 NVAR 2 NSE 22 NSELS 505 NSERATID 2,25
CROSS! 11,505 £ROS52 017 £ROSS3 1.72 CROSSH .268 CROSSS 26,848
£ROSSS 040 RLSQ 180.204 Xso 000 NVARSD ., RS0SP s

CONTENTS OF CASE NUMRER 95

SEANUN 93, SUBFILE  REGANAL CASKGT 1.0000 RSO 843 RL 13,424
K 040 NVAR 2 NSE A3 MSELS 505 WSERPATID 3.4
CROSSY 11.585 CROSS2 035 CROS53 1.724 Cra554 3837 CROSSS 26.848
CROSSE 080 RLSD 180. 204 KS@ 002 RVARSQ ', RSQs0 45
CONTENTS OF CASE HUMBER 94

SEQuUN 9. SURFILE  REGANAL CASWGT 1.0000 RSO -990 RL 13,424
4 0 KVaR 2. NSE 032 NSELS 032 NSERATID 1.000
TRDSSY 13,290 CKNSS? 0 CROSS3 1.980 €ROSSH4 0 CROSSS 26,848
CRDSS6 [ RLSO 180,204 KS@ ¢ NVARSQ LN RSESQ 980

CANTEMIS OF CASE NUMBER 57

SEGNM . SUatILE  REBANAL CASKE! 1.0000 RSO 990 AL 13,40

K .005 NVAR 2 MSE .02 NSELS 032 MSERATIOD 1.280

CROSST 13.2%0 CROSS? 005 CROSS3 1.980 CROSS4 .087 CROSSS 26.848

CROS56 010 kLSO 180. 204 Ks0 .000 NVARSQ s, L 980

CONTENTS OF CASE NUMBER 98 .

SEQNUN 9. SURFILE  REEANAL CASKGT 1,000 RSO 990 R INE M

4 ’ 015 L] 2. NSE 17 MSELS .032 NSERATIO 1.882

CROSST 13.290 Chess2? L0135 CROSSS 1.980 CROSSA .20t CR0SSS  24.848

CROSSé 030 RLSE 180,204 rse .000 NVARSO LK RSOSO . 980

CONTENTS OF CASE NUMBER 99 ;

SEQNUN 9. SUDFILE  REGAAL CASUBY 1.009% k& .99 RL 13. 424 [E
K 030 NveR 2 (341 RN nopLs A0 NSLRATIO .99 L
CROSST 13.290 CPOSS2 .010 CROSS3 1.980 CRASSE 403 CROSSS 24,648 ;
CRDS5SS 080 RLSQ 100. 204 Ks5@ 001 NVAKSO ‘. AS0S0 980 ;
CONTENTS OF CASE NUMRER 100 :

seonm 100, SUBFILE  REGANAL CATNGY 1.0000 RSQ Mm AL 2,19 ,

4 0 NVAR 8 NSE 194 MSELS A9 NSERATIO 1,009 :

rQSSI 1,568 CRO5S2 0 CROSS3 1.428 CROSSA 0 CROSSS 4,319 !

CROSS4 0 RLSO 1,822 ¥se ] RVARSQ L, RSQ<Q .5t .

82




e e e a—n

CONTENTS OF CASE NUNBER

SEQNUN 101.
4 005
CROSS) §.568
CROSSS 010
CONTENTS OF CASE NUMBLR
SEONUN 102,
K T.020
CROSSY 1,548
CROSSE .040
CONTENTS OF CASE NUMBER
SEQNUN 103,
K 040
CROSSI 1,548
CROSSE .080
" CONTENTS OF CASE NUMBER
SEmun 104,
K 0
tRoSsy . 1L.N3
CROSS6 0

CONTENTS OF CASE NUNBER

SEQUUN 108,
4 0038
CROSSY 1.4
CROSSH .010

CONTENTS OF CASE NUMBER

SECNUN 138,
K L0135
CROSS! 1713
CROSSS .030
CONTENTS OF CASE NUMBER
SEQNUN 107,
X 035
CROSSY 1.3
CROSSS 070

CONTENTS OF CASE NUMBER

SEBNUN 108,
4 0
CRGSS1 1.9%0
CROSSS 0

CONTENTS OF CASE NUMPER

SEQRUM 109,
X 010
CROSSE 1.990
CROSSS 020

CONTENTS OF CASE NUMBER

SEQRUN 110,
« .02
(ROSSt 1.990
CKkNSSS .050

101
SUBFILE
NVaR
CROSS2
RLSO

102
SURFLE
NVAR
CROSS2
kLSO

o3
SUBFILE
NVAR
CROSS2
RLSE

104
SUBFILE
RVAR
CROSS2
RLSe

105
SUBFILE
NVAR
CROSS2
RLSQ

105
SUBFILE
NVAR
CROSS2
RLSQ

107
SUBFILE
NVAR
CROSS?
ALS

108
SUBFILE
NVAR
CrOSS2
RLSQ

109
SUBFILE
RVAR
CROSS?
RLSA

110
SURFILE
NVAR
CRO5S2
RLSQ

"REGANAL

2%
.0o4
.82

REGANAL
2
014
4.822

REBANAL
2.
.029
.82

REGANAL
2.
0
1.822

REGANAL
%
004
4.822

REGANAL
2
012
1.822

REGANAL
2
027
4.822

REGANAL
2.
0
4822

REGANAL
2
009
4.2

REGANAL
2,
023
4.822

CASHGY
NSE
CROSS3
KsQ

CRSUGT
HSE
(ROSS3
KsQ

CASNGT
NSt
CROSS3
kSQ

CASKGT
NSE
CROSSY
KS@

CASHGT
NSE
CROSS3
ksg

CASHGT
HSE
CROSS3
Ks@

CASKET
nSE
CROSS3
Ks@

CASHGT
HSE
CROSS3
s

CASNGT
NSE
CROSSY
KsQ

CASKET
HSE
CROSS3
rsQ

83

1. 0000
AR
1.428
000

1,0000
170
1.428
4000

1.0000
A%
1.428
.002

1.4000
A3
1,560

1.0000
430
1.580
.000

i.0000
A2
1,540
. 000

1.0000
108
1.560
.001

1.0000
049
1.812

1.0000
045
1.812
. 000

1.0000
.04t
1.812
.00l

RS
KSELS
CrOSSA
NVARSQ

RSO
HSELS
CROSSA
NVARSQ

RSG
NSELS
CROSSA
NVARSD

RS@
NSELS
CROSSA
NVARSO

RSO
MSFLS
CROSSA
NVARSQ

RSD
HSELS
(40554
KVARSD

REQ
KSELS
CRSSA
HYARSQ

RSO
NSELS
CROSSA
NVAKSQ

RSO
NSELS
CROSSA
NVARSD

RGN0
HSELS
CRO558
KVARSD

e
A%
0N

Ju
A9
044

{

JU
JAet
.4ae

LR

780
A3

i

180
133
.01

. 780
A8
033

LN

. 180
133
077

904
089

.90
049
022

L8

. 904
049
. 035

RL
NSERATIO
CROSSS
RSOSR

RL
HSERATIO
CROSSS
/S0S9

L8
NSERATIO
CROSSS
RSQSQ

RL
NSERATID
CROSSS
RSQSQ

RL
HSERATIO
CROSSS
RSOSO

il
NSERATIQ
CROSSS

"RSQSQ

L8
NSERATLD
CROSSS
/5050

L
HSERATIO
CRDSSS
RS0S0

L8
NSERATIO
CRNSSS
RSOSD

RL
NSERATIO
CRDSSS
RSOSE

2,196
1,037
4.3%2

510

2.19%
1.14
4.392

510

2,19
$.285
4,392

510

2.1%
1.000
4392

.600

2.13%
1,078
4.392

<508

2.18
1.107
1,392

.408

2186
1,250
4.392

408

2,196
1,000
LI92

.81

2156
1.089
.1

.82

2,18
1.195
LN

821




r L et et e e i .
O
K}

CONTENTS OF CASE muMpER 144

SEQNUR 1", SUPFILE  REGANAL CASWET  1.0000 ) 908 5L 2.19%
K 045 NVAR 2 NSE 037 NSELS 049 WSERATIO 1,324
CROSS1 1.990 CROSS? 041 ¢ROSS3 1.012 LROSSH 099 £ROSSS 4,392
CROSSS 090 RLSO 1.822 ks 002 MORESQ . RSQS0 821
|
| CONTENTS OF CASE NUNBER 112
b SEONUR M. SUPFILE  REGANAL CASGT  1.0000 RSO 989 n 2.1%
! i 0 NVAR 2 SE 008 MSELS .005 MSERATID  1.000
P (ROSSH 2172 £0552 0 LROSSS 198 CROSS 0 LRDSSS 4.392
f CROSSS 0 ALSD ) Kse 0 NVARSE . R5050 978
% CONTENTS OF CASE NUNBER 113
i SEQNUN 1. SUBFILE  REGANAL CASKBT  1.0000 RS .989 R 2.1%
| X 005 NVAR 2 HSE 005 NSELS 005 NSERATID 1000
LROSSY 2112 CROSS2 003 CROSS3 1.978 CROSSH .01t CROSSS 1392
: £ROSSS 010 ALSO 4.822 K59 ,000 NVARSQ . RSOSQ .978
CONTENTS OF CASE NUNBER 114
SEQNUN ", SUBFILE  REGANAL CASKGT 1, 0000 RSO 789 " 2.1%
« .020 NVAR 2. ASE .008 NSELS 005 NSERATIO 1,000
tROSSt 2112 £RDSS2 .020 CROSS3 1.978 £ROSSH 044 CROSSS 4,392
CROSSS .040 RLSD L8 tse .00 RYBRSQ ' RSOSO 978
CONTENTS OF CASE NUNBER 115
SEQNUN 11s. SUBFILE  REGANAL CASNST 1,000 ) .989 R 2.19
X .040 NVAR 2 nSE .005 HSELS 005 NSERATID  1.000
£ROSS 21 CROS52 040 CROSS3 1.978 CROSSH .68 CROSSS 392
CROSSS 080 ALS9 1822 ks 002 NVARSQ . RS0S0 .98




Appendix H
Log-Linear Model Data




CONTENTS OF CASE NUMBER

SEQNUN 1.
X 0
CROSS! 2,353
CROSSS 0
CONTENTS OF CASE NUMBER
SEQNUN 2.
X 003
CRrOSSt .18
CROSSA 030
CONTENTS OF CASE NUNBER
SEONUN L
K 030
CrOSS) 2,333
CROSSS 060

CONTENTS OF CASE NUMBER

SEQNUN 4
X 045
CRASS1 .33
CROSSH .0%0
CONTENTS OF CASE NUMPER
SEONUM 5.
X 0
CRO5S! 2.904
CROSSS 0
CONTENTS OF CASE NUMRER
cronus b.
X 005
CROSSY 2.904
CROSS4 010

CONTENTS OF CASE NUMBER

SEQNUM 1.
K ,025
CROSSY 2.904
CROSSS .030
CONTENTS OF CASE NUMBER
SEeNUN 8.
X .040
CRassSH 2.5
CROSSH ,080

COMTENTS OF CASE MUMBER

STONUR 9.
K 0
CROSS! 3181
CROSSS 0

COMTENTS DF CASE NUMBER

SEONUN 10.
4 . 005
CROSSY 3.181
CROSS 010

1
SUBFILE  REGANAL

KVAR .
{RNSS2 0
RLSD 10,074
?
SUBFILE  REFANAL
NYAR 2
CRNSSZ .00
RLSQ 10,074
\
SUBFILE  REGANAL
NVAR 2.
CROSS2 .022
RLSQ 10.074
4
SUBFILE  REGANAL
RVAR 2.
CROSS2 .01
RLSO 10.074
5
SUBFILE  REBANAL
NVAR 2.
CROSS2 0
RLSE 10,074
6
SUCFILE  PEGANAL
MUAR 2.
rrss2 005
RLSO 10,074

?
SUKFILE  REGANAL

HYAR 2.
[£0552 .02
RLSS 10.074
8
SUTFILE  REGANAL
VIR '3
(RO352 03
KLY 10.074
9
SUBFILE  PEGANAL
VAR 2.
CROSS2 9
RLS 10.074
10
SUMILE  REGANAL
VAR 2.
CROSS2 .005
RLSO 10,074

CASHGT
st
CROSSS
r58

CASHET
NSE
CROSS3
KSQ

CASNET
NSE
CRDSSY
KSQ

CASHRT
HSE
CROSSS
KS@

CASYET
HSE
{ROSS3
s

CASKBY
nSC
CROSS3
kS0

CASWGT
N3
CROSS3
KSQ

CASHET
NSE
(F05S3
k5@

CAGHGT
NSE
CROSSS
kSQ

CASNGT
HSE
{ROSS3
kS

1. 0000
209

1.470

1.0000
L2245
1.470
.000

1,0000
193
1.470
.001

1.0000
An
1.470
002

1.0020
045
1.830
0

1.0000
081
1.8}
000

1.00n0
.05]
1.830
.00t

1.0000
L0435
1.8%
.002

1.0000
803
1.992
0

1.0000
002

1.992
000 ¢

86

RSO
BIELS
(AR
NYARSR

R%)
M3ELS
crecs4
KVARSG

kSO
HSELS
CROSSE
KVARSO

kS
KSLLS
Cronst
NVARSD

RSO
K30S
CEQGSA
NVARSE

RS
HOLLS
CROGSA
NVALCE

R7O
NStLs
(0554
NVARSD

ReY
HSELS
CrRoSe
NVAFSD

RS0

Lid1 8]
Cransd
NVARSE

RSQ
NSELS
Cr0sSe
NVARSQ

735
.29

135
259
018

135
239
075

735
259
JA3

915
. 065

915
L0485
015

915
085
079

915
065
A7

.99
.003

.99
.003
018

RL
r3ERATIO
(rnsss
RS@SQ

RL
NSERATIO
{Rnass
RSLse .

kL.
HSERATIO
CROSSS
RSGSY

RL
MSERATIO
k0SS5
kS50

AL
KSCRATIO
CROSSS
RSASO

RL
KSEPATIO
CROSSS
RSCSQ

RL
HSERATIO
CROSSS
RS0SO

RL
NGLRATIO
CROSSS
RSQSQ

RL
FSERATIO
CROSSS
RSQSQ

RL
HSERATIO
CROSSS
RS0SQ

3N
1.000
6.348

540

an
1,057
6.348

540

LN
1.3
8.148

.50

AR
1,515
8.348

540

34T
1.000
6.143

.837

3
1,064
6.348

837

I
1,275
6.3483

837

3N
1.4
5.348

.837

3
1.0%0
5.348

.992

LN
1,500
8,348

992

e T
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CONTENTS OF CASE NUMRER

SEQONUN f1.
4 .030
CROSSIL ATy
CROSSA . 060
CONTENTS OF CASE NUMDER
SEQNUN 12.
K L045
CROSSY 3. 181
CROSSH .090
CONTENTS OF CASE NUMBER
SEQNUN 13,
4 0
CROSSY 9.083
CROSSH 0
CONTENTS OF CASE NUMBER
SEQNUN 1.
X 005
CROS51 9.083
CROSSS 010
CONTENTS OF CASE NUMBER
SEONUN 15.
X .020
CROSS! 9.083
CROSSS .040
CONTENTS OF CASE nUnBER
SEQNUN 14.
4 035
£R0SS! 9.083
CROSSE 070
CONTENTS OF CASE NUMPER
SEQNUN i1,
4 0
CxOESt 11.157

. CRO3SS 0
CONTENTS OF CASE NUMBER
SEQNUN 18,
X 005
CROSSY 1157
CROSZS .010
CONTENTS OF CASE NUMBER
SEQNUN 19,
K 070
CROSSH .57
CROSSA 040
CCUTENTS OF CASE NUNBER
SEQNUM 20,
X 045
CROSSY 197
CROSSS .090

t
SUBFILE
NVAR
CRO5S2
RLSQ

12
SUBFILE
RVAR
CROSS2
RLSQ

13
SUBF ILE
NVAR
CROSs?
RLSQ

it
SUBFItE
KVAR
CROSS2
RLSQ

15
SURTILE
KVAR
CROSS2
RLSQ

16
SURFILE
NVAR
CRQ552
RLSQ

17
SHRFNE
NUAR
CRrOSS2
RLSO

18
SUSTILE
NV
CRUSS?
RLSQ

19
SUSEILE
NAR
CRUGS2
RLSO

20
SURFILE
NVAR
CROSS2
RLSO

REGANAL
2.
030
10.074

REGANAL
2.
045
10,074

REGANAL
2
0
147,064

REGANAL
2.
004
147.084

REGANAL
2.
015
147,064

REGARAL
2
026
147,044

PEGANAL
2.
[
147,064

REGANAL
2
.00S
147,064

RCGANAL
2.
.018
147,064

REGANAL
2.
.04
147,084

CASHGY
NSE
CROSS3
KSQ

CASHET
HSE
CROSS3
K5

CASWGT
HSE
CROSS3
(4]

CASKBT
HSE
CRNSSI
KSe

CASHGT
HSE
CROSS3
150

CASKST
13
R05S3
ks

LASHGT
KSE
CRO5S3
e

£ASUGT
1183
CRNSSY
¥50

(ASKBT
net
€RO5S3
Ks@

CASYGT
NSE
40553
K50

1.0000
.002
1.992
001

1. 0000
003
1.972
.002

1.0000
.930
1.438

1.0900
. 755
1,498
. 000

1.0000
453
1.438
. 000

1,0000
313
1.438
Q04

1,0000
.238
1.840

1,0000
189
1,840
.000

1.0000
R
1.210
. 000

1. 0000
L0485
1.840
002

~1

RSQ
NSELS
CR3ss4
NVARSQ

RSO
MSELS
CRNS38
HVARSQ

RSQ
HOELS
CROSSE
NVARSQ

RSO
PRELS
CRUSSH
NVARSQ

RSO
HSELS
CROSSE
NVARSQ

RS9
MEELS
[Falsd
RVHASE

RSQ
KSELS
CROSSE
NVARSQ

RSQ
NSELS
CF0554
NVARSQ

RSO
NCELS
058
NVARSQ

RS0
XSrLS
Flgsed
RVARSE

.99
003
055

598
.003
143

T
950

749

.950

.08t

8

.950

IN

LA
950
AN

A,

520
.218

.970
219
L0681

i

.20
.28

23

.90
.21
. 544

Rt
NSERATIO
CROSSS
RS0SQ

RL
NSERATIO
CROSSS
RSOSE

RL
NSERATIO
CROSSS
RSOSQ

RL
HSERATIO
CROSSS
RS2SQ

RL
NSERATIO
CROSSS
RSOSQ

RL
NSERATIO
(P06535
R5GEQ

RL
HEERATIO
CROSSS
RSQSQ

RL
NSERATIO
{ROSSS
RSCSQ

RL
NSEPATIO
LROGSS
RS@SQ

140
NSERATIO
CRCSSS
RSQSQ

3.
1.500
8.348

.99

1IN
1.000
5.148

992

12,427
1.009
24.254
. 381

12,121
1,278
28,204
381

121427
2.097
24.25¢
.56t

12127
3,035
0.7
.51

12,127
1.000
24.254
LY

12,127
1,257
2.2
.B44

12,127
2.088
28,254
846

1240
1.682
20,254
K11
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Ty

i D aname

CONTENTS OF CASE NUNBER

SeQuun A,
14 0
CROSSI 12,115
CROSSS ]
CONTENTS OF CASE NUNBER
SEQUUN 22 ’
K . 003
CROSSI 1.5
CROSSH .010
CONTENTS OF CASE NUNRER
SEQNUN FAR
K 030
[ROS51 12. 115
CROSS4 060
CONTENTS OF CASE NUMBER
SEQKUN A,
K 045
CROSS1 12.115
CROSS4 030
CONTEXTS OF CASE MUMGER
SEQNUN 25.
L4 0
CROSS1 90,262
CROSSS 0
CONTERTS OF CASE MUHOER
Stuun 26,
K . 015
CROSSE 90,262
CROSS .030
CONTENTS OF CAGE HUMBER
SEONUR 21,
4 .025
EROSS) 90,282
CROSSH 050
CONTENTS OF CASE NUMPER
SEQNUN 28.
K 040
LROSS! 70,282
CRasSSE .080
CONTENTS OF CASE HUMBER
SToNUN 29.
X ¢
CRNSSH 110,887
CROSSS 0
CONTENTS OF CASE NUNRER
SEONUN 30,
L ¢ Nd}]
ERQ5SY 110,487
CROSSA .030

s e ——— e ..

21
SUSFILE
NUAR
CRNS§S2
ALSQ

2
SURFILE
NYAR
CRO3S2
RLSA

23
SUCFILE
NVAR
CRO352
/LSO

N
SUDFILE
HveR
CRrOSS2
RLSS

25
SULFILE
kViR
Ciss?
RLSE

H
sueriLe
NVAR
€ress2
RLS

k2
SUCFILE
NVAR
(RO552
RLSO

20
SUBFILE
Nvar
CROSS2
ALSO

29
SUDFILE
Ll
tanss?
RLSO

30
SupriILe
NvaR
CRO552
RLSD

REGANAL
2
0
147,064

RERANAL
2
005
147,084

REGANAL
7
030
147,084

REGANAL
2

. 045
147,064

REGANAL
2.
¢

14405, 951

REGANAL
2

.01t
14405. 951

REBANAL
2
019
14406.951

REGANAL
2.
030
14406. 951

REGANAL
1.
0

14406, 981

RCAANAL
1.
NJl
14406, 951

CHERGT
NSE
£20553
150

CASEGT
XSE
CROSS3
rse

CASHET
NSE
L4083
Kse

CASKGT
1SF
(o553
KS@

CASHGT
NSE
€SSy
KS@

CASHBY
L3
CR6SS3
kS@

CLA4GT
KSE
CRASS:
KsQ

CASYSY
hSE
Crasss
xse

Caseny
hSE
CROSSY
(A1)

CASHGT
K3

CRSSY

S0

1. 0000
.002
1.998

1.0000
002
1.998
000

1.0000
.001
1,598
. 001

1,0000
.002
1.998
002

1.00%0
9.1
1,504

1.0009
.382
1,504
000

1.0000
.283
1.504
001

£.0000
43
§.504
002

1.0000
2.7
1.044

0

1.0000
B11}
1.800
.000

RSO
NSELS
CROSS4
NVARSR

RSO
KSELS
CROSSY
NVARSO

RSO
SELS

CROSSY

NVARSQ

RSO
NSELS
Chassd
NVARSO

RSO
MSELS
CRONS
NVARSQ

Kl/]
KSELS
[xiiny
RVARSQ

£S5
NSELS
CRGSSA
KVAKSQ

RSO
HSCLS
Croese
RVARSQ

23]
NSELS
10554
NVARSD

ke
H3ELS
CROSS4
NVARSD

899
.002

.999
.002
041

i

999
002
. 364

4

. 999
002
546

LN

92
9.194

132
9.194
1.800

LN

52
9154
J.001

.52
9.194
4.801

LN

922
2,298

822
2.299
1,809

kl
NSEFATIO
CROSSS
RSosQ

L
HSERATID
CROSSS
RSQS0

RL
NSERATIO
CROSSS
RS0S0

AL
NSERATIOD
£RD5SS
RS0S0

AL
nCrRAT|Q
LRDY3S
RSQ%Q

RL
NSERATIO
CRDSSS
RS05Q

Rt
MSERATIO
CROSSS
RSOSQ

RL
NSERATIO
CROSSS
RSOSQ

RL
HGERATIO
CROSSS
RSESQ

RL
NSERATID
CRNSSS
RSOSe

12127
1,000
24,254
.998

12,127
1,090
24,254
.98

12,127
2,000
20254
.998

12127
1.000
H.7054
998

120,029
1,800
200,058
364

120.029
15.797
240.058
566

120.029
32,468
240.0°8
b8

120,029
84,29
240.058
388

120.029
1,000
240.0%8
.850

120,029
15.7%0
210,038
.850




£

P R P

CONTENTS OF CASE NUNOER

SeoNuUn M8
4 030
CROSSH 110.447
CROSSS 040

CONTENTS OF CATE NUNEER

SEONUN J2.
4 040
CRASSS 110,667
CROSSS .080

CONTENTS OF CASE NUMBER

SEONUM 1.
X 0
CROSSE 119.84¢
CROSSS 0
CONTENTS OF CASE NUMRER
SEQNUN n,
4 015
CROSSS 119.889
CROSSS .030
CONTENTS OF CASE NUMBER
SEONUN 35.
X 035
CROSSY 119,689
CROSSH .070
CONTENTS OF CASE MUMEER
SEONUM 8.
X 045
CROSSY 119. 689
CRNSSA .090
CONTENTS OF CASE NUMBER
SEQNUM .
4 0
CRosSt 1.520
CROSSH 0
COSTENTS OF CASE MUMEER
SEGNUN I8.
4 .005
CROSSY 1,520
CROSSS 015
CONTENTS OF CASE WUNDER
SEaNUN 39,
X 015
CROSSY 1.520
CROSSS 045
CONTENTS OF CASE MUMBER
SEanUN 0.
X .030
CROS3H 1.520
LRDSSs 090

i
SUBFILE  REGANAL
NVAR %
CRASS2 .028
RLSQ 14406, 981

n
SUBFILE  REGANAL
NVER 2.
€ROSS2 0N
RLSQ 14405, 961

1N
SURFILE  REGANAL
NVAR 2.
CROSS2 0
RLSO 14804, 951
M
SURFILE  REGANAL
NVAR 2.
CRUSS? 015
ALSO 14406. 951
35
SUBFILE  REGANAL
NVAR 2
CRE352 .013
RLSQ 18406, 961
36
SUBFILE  REGANAL
NVAR 2.
CROSS2 015
RLS2 14406.981
7
SUDFILE  REGAMAL
KVaR 3.
CROSS? 9
RLSD 3.3
N
SUBFILE  REGANAL
NUAR 3
(ROSS? .004
RLsa AMRYJ
19
SURFITE  REGANAL
NVIR 3.
LROSS? 012
RLSQ L.in
10
SUBTILE  REGANM
NyAR 3.
trnTs? 02y
RLSQ Lin

CATHGY
neE
{rnesy
ks

£AseT
neE
CLISSI
150

CASWGT
NSE
CROSS3I
LE1]

CASHGT
st
CROSSS
kS0

CASKGT
Kt
0SSy
44}

CASHGT
H3E
(0853
kse

CASHST
HCE
CROSS3
k50

CASUGT
NSE
£rOSS83
ksQ

CASNGT
HeF
CRNSS3
kS0

CATUGT
i3
C+0S53
150

1.0000
0355
1.844
.001

1. 0000
.038
1084
002

1.0000
092
1,994

1.0000
.00
1.9%4
000

1.0000
002
1.994
001

1.0000
002
1,99
+002

1.0000
21}
2,484

1,0000
J43
.48
000

1. 0900
A35
2,404
. 000

1,0000
A25
2.4
004

RSO
KSELS
CHOO3
HVALSQ

50
HoELS
fRO054
NVARSQ

R%0
NSELS
crosse
NVARSQ

RS9
NSELS
Cross4
NVARSQ

RS
KSELS
Crosse
NVARSQ

RS0
LIFLS
€Ny
NIR3Q

RS
HSELS
CROSSA
KVARSE

50
HSELS
CRORSA
NVARSQ

i}
KEELS
CROSS4
RVARSQ

feg
MIFLS
(AR}
KVARSQ

322
.27
3.609

.8
2,298
Lo

997
092

997
072
t.800

997
072
4.201

97
092
3. 401
4,

828
A4

.8728
A4
009

R78
A0
078

9.

878
LY
. 055

R
KSERATIO
LROSSS
RSSO

At
FSERATIO
CROSSS
RSO50

R
NSERATIO
CRDSSS
R5050

RL
NSERATIO
CROSSS
RSase

RL
HSERATIO
CROSSS
RS050

AL
NSERATIO
CrOSSS
RSOS@

AL
KSERATID
CROSSS
RS0SQ

RL
NSERATIO
CROSSS
RSASE

Rt
KGERATIO
CROSSS
RSOSQ

RL
NSERATIOD
CRO3SS °
RSSO

129.02¢
41.702
240,059
850

120.029
63.033
200,58
850

120.029
1,000
240.0%8
9%

120.029
15.333
240.058
9N

120.029
45,000
240,038
994

120.029
45.000

- 240,059

99

1,834
1.000
3.508

486

1.83%
1,028
5.508

.86

1.838
1.089
5.508

488

1.838
1174
5.508

488




CONTENTS OF CASE NUMOER

SEQHUN 4.

3 0
£ROSSY 1,604
CROSSH 0
CONTENTS QF CASE NUMBER
SEONUN 4,

¥ TL005
LROSS! 1,684
CROSSS 015
CONTENTS OF CASE NUMRER
SEQNUN 4.

K .015
CROSS! 1.484
CROSSH 015
CONTENTS OF CASE NUMBER
SEQNUN M,

X 030
TROSSH 1.884
CRDSSS . 090
CONTENTS OF CASE HUMBER
SEONUM 15,

4 0
CROSSH 1.832
CROSSE 0
CONTENTS OF CASE MUMRER
SEQNUN 44,

K .005
CROSS! 1.832
CROSSH .015
CONTENTS OF CASE NUNRER
SEQuun 17,

1 025
CROSS} 1.832
CROS56 075
CONTENTS OF CASE NUMRER
SEONUN 48,

X L040
CROSS! 1.832
CROSS4 -, 120

CORTENTS OF CASE NiNRER

SEonuUN 9.
X ¢
CROSS; 5.703
Cr0sSh 0
COHIENTS OF CASE MUNBER
Seonumn 50.
4 .003
CROSL 5.783
CROSSH 015

i
SUBFILE
RVAR
CFNSS2
ALSe

12
SUBFITE
NVAR
CROSS2
RLsa

3
SUBFILE
KVAR
Y]
fLSR

Hu
SUBFILE
NVAR
CROSS2
ALSO

35
SURFILE
NVAR
CROSS2
ALSE

44
SUPFILE
KVAR
CROSS?2
RLSE

7
SUBFILE
NVAR
CROSS2
RLSG

8
SUBFILE
NVAR
CROSS2
RLSQ

49
SUNFILE
RV R
CRass2
RLSQ

W
SnetiLe
RVAR
(rnss?
RLSO

REGANAL
3.
0
3.3

REGANAL
3.
.005
3.3

REGANAL
3.
014
LN

REGAKAL
3
.028
L

REGNAL
1
0
3.371

REGANAL
3.

005
L m

REGANAL
3
025
.

REGANAL
A
040
L

REGANAL
3.
0
18,982

RERANAL
I8
004
38.982

CASHGT
NSE
CROSS3
kSQ

CASWGT
NSE
CROSSS
kse

CASKGT
NSE
CROSS3
kS0

CASHBT
NSE
CrOSS3
¥se

CASWGT
SE
£ROSS3
K50

CAsuGl
MSE
CROSS3
ksg

CASHGT
HSE
CROSSI
Ks@

CASNGT
NSE
CROSSI
(&)

CASHGT
NSt
£ROSSS
s

CASNGT
HSF
CROSS3
ks

1.0000
062
2,751

1.00%0
040
2,754
.000

1.0000
057
2.751
.000

1. 0000
053
751
.001

1.0000
001
2,99

1.0009
00
2.994
000

1.0000
001
2.9
001

1.0000
. 002
2.99
.002

1.0009
1,303
2,239

0

1. 0300
(L]
2,259

000

90

K3

RSO
ASCLS
CFOSS4
NVARSQ

RS
NLrLs
CROS9
RVARSO

RSO
NELS

CROSS4

NVARSQ

RSO
HIELS
CROSSA
NVARSO

RS2
NSFLS
CROSSH
NVARSQ

RSO
NSHLS
CROSSY
NVRRSQ

ks
HErLS
(RGSS4
NYARSE

RSY
HOFLS
CFN5SY
NVARZQ

P
NSELS
CRasse
NVARSQ

RSQ
HSELS
CROSS4
NVARSQ

91
082

17
.062
009

9.

517
082
.028

%

A7
042
095

9.

.998
.001

998
. 001
.009

.993
.00t
046

9.

.998
.001
013

9.

153
1,305

153
1,305
.038
9.

.-
L

RL
NSERATIO
CROSSS
RSOSD

RL
FSERATID
CROSSS
RSOSQ

Rl
HSERATIO
CRNSSS
RS0SQ

RL
NSERATIO
CROSSS
RSOSQ -

R
NSERATIO
CROSSS
RSQSQ

R
NSERATIO
CROSSS
RSSO

RL
RECRATIO
CROSSS
RSOSO

RL
NSERATIO
CROSSS
RSQSQ

RL
NSERATID
CRDSS3
RS0S0

RL
NSERATIO
CROSSS
RS0S40

. . R . ) WP
T b de i —sbie mataebsbadebc ittt bbbttt dtattin it cnite

1.836
1,000
3.508

B4l

1.83%
1.033
3.508

.84

1.836
1,008
3.508

.841

1.836
1.170
$.508

.54l

1.836
1.000
5.508

9%

1,838
1.000
3.500

996

1.636
1.000
5.508

99

1.8%
. 500
5.508
598

7.680
1.000
23.040
347

7.480
1170
23000
1)




5

CONTENTS OF CASE NUMBER

SEQNUN 1.
X .020
CROSS! 5.783
CKOSSs 060
CONTENTS OF CASE NUMBER
SEQNUN 52,
4 035
CROSSY 5.783
CKkDSS4 105

CONTENTS OF CASE NUNRER

SEQNUN 53,
4 0
CROSS! 1.066
CROSSA 0
CONTENTS OF CASE NUMBER
SEQONUN 54,
14 005
CROSSE 7,066
CROSSS HJH
CONTENTS OF CASE NUMBER
SEONUN 55.
X 023
CROSS! 7,064
CROSSS 073

CONTENTS OF CASE NUMBER

SEQNUN 36,
4 045
CROSSY 168
CROSSS 135
CONTENTS QF CASE NUMPER
SEQNUN 57.
X 0
(rQsss 1,463
CROSSS 0

CONTENTS OF CASE NUNBER

SECNUN 98,
X 005
CRO3S1 1,585
CROSSS 015
CONTENTS OF CASE NIMBIR
SEQNUR 59.
X .020
CROSSS 1,685
CROSSH 040
CONTENTS OF CASE NUNRLR
SCONUN 0.
14 040
CRSSH 7.883
CROSS8 A20

51
SUBFILE
NVAR
CROSS2
RLSQ

52
SURFILE
RVAR
CRNSS2
RLSD

53
SUBILE
NVIR
CROSE2
LSO

4
SURFILE
HVAR
CROSS?
RLSO

55
SURFILE
NVAR
CAN5S2
RLSA

S
SUBFILE
AR
£RNGS2
RLSQ

57
SUBFILE
NVAR
CROSS2
RLSQ

8
SURFILE
NVAR
(R0552
RLSD

59
SUBr ItE
NVAR
CROSS2
RLSO

89
SURFILE
NVAR
CROSS?
RLSE

REGANAL
L
015
38.982

REGAHAL
3.
026
38,982

REGANAL
N
0
58.982

REGANAL
3
0035
58.982

REGANAL
3.
.023
£0.982

REBANAL
3.
.0
58,982

REGANAL
3.
0
58.982

REGANNL
A
005
se.9u2

REGANAL
L
020
58.992

REGANAL
AN
040
58.982

CASNGT
MSE
CHOSSS
Kse

CASWGTY
HSE
CRUSSY
&

CASWET
HoE
CROSS3
(4]

CASHGT
NSE
CROSSI
Kse

CASKGY
NSE
CRASS3
XS0

CASNGY
HSE
L0553
150

CASWGT
NSE
CROSS3
xs9

CHSWeT
NSE
CROSS3
rse

CASHGT
KSE
CRUSS3
ks

CASNGT
nae
CROSS3
XsQ

1.¢000
m
2,259
.000

1. 0000
.595
2,759
.001

1. 0000
326
2,760

1.0000
an
2,740
000

1.0000
AN
2.750
,001

1.0000
A29
2.760
. 002

1.0000
004
2.9
9

1.060%
.005
2.9
000

1, 6000
.004
2,994
.000

1,0000
.003
2.99
002

91

RSA
nSELS
CROSSY
RVARSQ

RSQ
NGFLS
CRNSSH
NVARSQ

RSO
NSELS
CROSS4
NVARSQ

RSQ
MSELS
CFOSSH
NVARSD

R
nSELS
CROSS4
NVARSD

RS
MSels
CRUSSH
NVARSQ

RSO
HSELS
CROSSH
RVARSD

REQ
HSELS
CROSSA
NVARS(

RED
MSELS
(RNSSE
NVARSO

50
NGELS
CruSS4
NVARSD

153
1,305
158
1.

753
1.309
. 259

9.

920
326

920
328
038

9.

920
326
192

.920
328
346

.

998
. 006

9.

.998
004
.038

9,

.998
008
A58

.

.998
006
3

9.

RL
NSERATIO
CROSSS
RSOSS

13
KSERATLD
CROSSS
RSOSQ

RL
NSERATIO
CROSSS
RSSO

AL
NSERATIO
(ROSSS
RSQSQ

Rt
NSEPATIO
CROSSS
RSUS0

P
HSERATIO
CROSSS
RSGSQ

Rt
MSERATIO
CROSSS
RSOSQ

Rt
NSERATIO
CROSSS
RSQSQ

RL
NSERATIO
CROSSS
RSOSD

RL
NSERATIO
CROSSS
RSOSQ

1.450
1,680
23.040
1Y)

7.480
2.193
23.040
56}

1.680
1.000
23.040
.84

1.480
1.148
23.040
B4b

7.680
1.842
23.040
B4

7.680
.50
23.040
846

7.480
1,000
23.040
.99

7.480
1.200
23.040
998

1.480
1.500
23,040
.99

1.480
2.000
23.040
.99




- -

CONTENTS OF CASE NUNRER
SEONUN 8.
4 0
CROSSI 38.500
CROSSH 0
CONTENTS OF CASE NUNBER
SEQNUN B Y 5
K © 015
(ROSS1 38.500
CROSSS 045
CONTENTS OF CASE NUHEER
SEONUN b3.
X 025
CROSSH 38.500
CRO3SS .075
CONTENTS OF CASE NUMRER
SEQuUN LN
K .035
CROSSY 38.500

CROSS6 105

CONTENIS OF CASE NUMBRER

SEQNUN 5.
4 0
CROSSI 45.903
CRASS8 0

CONTENTS OF CASE NUMDER

SEOHUN L1 8
X 015
CROSS! 48,903
CROSSS 0435
CONTENTS OF CASE NUMBER
SEGNUN b7,
14 .030
CRO3S1 15.903
CROSSS 090
CONTENTS OF CASE MUMBER
SEQNUN 9,
4 045
CROSSE 15,903
CROSS& 133
CONTENTS OF CASE NUMRER
SEaNun 9.
4 0
CROSSY 50.02¢
CROSSS 0
CONTENTS OF CASE NUNBER
SEQNUN 10.
X 015
CROSSH 50.824
€ROSSE 045

81
SUBFILE
KVAR
CrOSS2
RLSO

62
SUBFILE
NVAR
CROSS2
RLSO

L\
SURFILE
NVAR
Cneas2
RLSO

11
SURCILE
KVAR
CRO3S2
RLSO

45
SYPriLe
NVAR
CFNSS2
RLSQ

113
SUSFILE
NVAR
CrATS2
RLSO

87
SUBFILE
NVAR
CROSS2
RLSQ

68
SUBFILE
NVAR
CROSS2
RLS@

3]
sunriLg
NVAR
CRNSS2
RLSO

70
SUBFILE
NVAR
CROSS2
ALSO

REGANAL
3.
0
2593.457

REGANAL
3.
.01
2593,457

REGANAL
3.
019
59457

REGANAL
L
026
2393497

REGANAL
A
0
2593.457

REGA'AL
AR
.014
2593.457

REGAL

AN
.078
2593.457

REGANAL
A
.08
2591457

PEGALAL
3.
0
2593.457

REGANAL
3.
013
2593497

CASHGT
#SE
CROSSS
KSQ

CASHGT
¥SE
oSSy
&'

CASNGT
NSE
CROSSS
Kse

CASNGT
KSE
LROSS3
¥sQ

CASNGT
Hst
CROSS3
K50

CASHGT
KSE
(rOS53
KS@

CASERT
rSE
(re3sy
ks

CASNGT
NSE
CROSS3
ks

CASWET
NSE
CROGSS
k50

CASHGT
KSE
€r0%s3
¥se

1.0000
8.512
2,248

0

§.0000
1.16%
2.28
.000

1.0090
495
2.248
.001

1. 0000
A%
2.748
.00t

1.0000
2.128
2.783

1.0000
273
2.783
. 000

1. 0600
NIH
2.763
.00t

1.0000
.098
2,743
.002

1,0000
.038
2,99
0

1.0000
.008
2.99
.000

92

RSQ
HSCLS
CROSSY
NVARSQ

RSO
NSELS
CROSSY
HvARSa

RSQ
FSELS
CROSS4
NVARSQ

RGQ
MSELS
CRNSSA
NVARSQ

RSO
NSELS
CROSS4
KVARSQ

34]
rSTLS
Crosse
NVARSQ

reo
roLs
£hosse

NVARSQ

RS0
MSELS
Ch0S54
RVARSE

kS0
ISELS

CROSSA
NVARSQ

RSN
NSELS
(ROSSY
NVARSO

756
8.512

156
8.512
764
9.

155
8.512
1.273

9.

158
8.512
$.782

9.

L9t
2.128
0

9.

.92
2.178
64

B H
2.128
1.528

9.

92
2.129
.29

.998
.038

998
.08
164

9.

Li§
NSERATLO
CROSSS
RS0SQ

RL
NSEFATIO
CROSSS
RS0S5O

RL
NSCRATIO
CROSSS
RSOS®

f
KSEFATIO
€R05SS
REQSO

RL
NSERATIO
CROSSS
RSOSQ

RL
NSERATIO
CROSSS
RSASQ

RL
NSERATIO
CROSSS
RSQSQ

RL
NSERATID
CROSSS
RSESO

RL
NSERATIO
CROSSS
RSOS0

RL
NSERATIO
CROSSS
RSOSD

50.926
1.000
152.7718
S0

30.926
1.281
152.718
SN

50.926
12.207
152.778
SN2

50.928
17.181
152.778
SN

$0.928
1,000
132,778
.48

50.926
1.263
152.778
.Blg

30,926
14,676
152.7118
.848

50.924
2.4
§152.778
.40

50.92%
1,000
152.7178
998

50.928
6.313
152.778
99

e —
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CONTENTS OF CASE NUNRCR

SEQUUN n.

4 025
LROSS1 50.624
CROSSH 073
CONTENTS OF CASC NHMPER
SEQUUN n.

X CL040
eSSt 50.824
CROSSH 120
CONTENTS OF CASE NUMBER
SEONUN 1.

K 0
LR0S51 1.10
CROSS4 0
CONTENTS OF CASE NUMPER
SEQNUN .

1 .005
CROSSI 1,180
€ROSSS 020
CCNTENTS OF CASE NUMBER
SEONUN 1.

K L0158
CROSSY 1.160
CROSSH 080
CONTENTS OF CASE NUMBER
SEQNUN 7.

3 040
LRO5S1 1.180
CROSSS . 160
CONTENTS OF CASE NUMBER
SEGNUN m

4 0
CRO551 1.40%
CROSSS 0
CONTENTS OF CASE NUIIBER
SEQNUN 18.

X .005
CROSSE 1.409
LROSSS .020
CONTENIS OF CASE NUYRCR
] n.

¥ L0135
trnss) 1.409
{R05SH 060
CONTENTS OF CASE NUMBER
SEONUN 80.

X ,035
CRASSY 1.409
CROSSS 140

n
SUBFILE
NVAR
CRO3S2
RLSQ

n
SUDFILE
NVAR
CRESS?
RLS@

i3
SUSTILE
NVAR
CROSS2
RLSO

T
SUSFILE
NVAR
CROSS2
RLSO

75
SUBFIRE
NVAR
€ROSS2
RLS@

75
SUPFILE
NVAR
CRrOSS2
RLSQ

77
SUDFILE
NVAR
CROSS?
RLSO

8
SUIFILE
NVAR
CRASS2
RLSO

79
SURFILE
NVAR
CROSS?
RLSQ

00
SURFILE
NVAR
CROSS?2
RLSO

REGANAL
AN
.025
593,49

REGANAL
L
040
N5

REGANAL
B
(4
2335

REGANAL
4.
004
2.335

REGANAL
[ B
011
2.335

REGANAL
A,
.030
2.335

REGANML
LR
0
2,353

REGANAL
i
,005
2.135

REEANM

A
014
2315

REGARAL
i,
032
2.335

et b ————— s on e

CASURT
NHSE
CROSSI
KSQ

CASHGT
noE
CROSSY
kse

CASNGT
MSL
CROSS3
kS

CASEGE
NSE
CROSSS
L8]

CASHGT
HSE
CROSS3
KSQ

CAZHGT
NSE
CRoss3
KS@

CASHBY
NSE
CROSS3
KS@

CASRGT
NSE
CROSS3
KsQ

CASNGY
NSE
CRO5S3
k5@

CASHET
43
CLUSS3
kS0

1.0000
004
2,994
00

1. 0000
.03
2,99
002

1.0000
148
3.038

1. 0000
Ll
3.038
000

1.0000
139
3.03%
000

1.0000
030
3.038
002

1.0000
037
J.488

1.0000
.038
3.408
000

1, 0000
.035
3.480
000

1.0000
038
3.408
. 001

RSO
ns(LS
Croase
NUNASQ

R10
RSILS
Crosoe
NVARSQ

RSQ
NSELS
Crosse
NVARSQ

RSA
KSELS
frOSSA
NVRARSD

RS@
NGELS
CROSSA
RVARSQ

RSA
nsres
CRO5SH
NVARSQ

RS
FSELS
Crogse
NVARSE

RS0

M3t §
CRAZCA
LVLRSE

&EQ
KSELS
CROSSE
NVARSQ

RSO
HGELS
Croshe
NVARSQ

J59
BLl)
,008

18.

759
1)
.023

is.

759
448
081

18,

922
037

1.

g2
037
.008

1é.

872
037
.023

&,

S22
037
003

16,

RL
NSERATIO
CROSSS
RSUSE

RL
NSERATIO
CRDSSS
5950

RL
NSERATIO
CROSSS
RSSO

RL
NSCRATIO
CROSSS
RS050

RL
MSERATIO
CROSSS
RSQSQ

o
NSERATID
£ROSSS
RSASE

RL
NSEPATID
CROSSS
RSOSe

RL
HSERATIO
CROSSS
RSESQ

L%
NSERATIO
CROSSS
RSQSQ

L8
NSERATIO
CROS S
RSGSY

50.928
9.300
132,778
9%

§0.925
12.¢87
132.178
9%

1.528
1.000
8.112

11

1,328
1.014
5. 112

376

1.528
1.050
5112

57

1.528
1,123
5. 112
S8

1.528
1.000
6.112

.650

1.528
1.028

N B 1Y

.850

1.578
1,057
b.112

.830

.58
1.020
8.112

850
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CONTENTS OF CASE NUMRER 9!

SEQnuN 1. SURFILE  REGANAL CASHGT 1. 0000 R5% 997 RL 1.528
K (| L 4 NSE 00§ MSELS .001 HSERATLO 1.000
CROSSY 1,523 Lhos52 0 (ROSS3 3.908 CROSS4 0 CROSSS 6.112
CROSSH ] rLse 2,335 ks 0 NVARSD 16. RSOse il
CONTENTS OF CASE NUMBER g2

SEQHUN 82. SUPFILE  REGAMAL CASNGTY 1,0000 RSQ 497 L 1.528
4 - .005 NvAR i HSE .01 NSELS 001 NSERATIO 1.000
CROSSE 1.3 CRDSS2 - 005 CRDSS3 3.9n8 CROSSE 008 CRASSS 6112
CRDSSS .020 RLST 2.335 KsQ .000 NVARSQ 16, RSQSD 994
CONTENTS OF CASE NUMBER 97

SeQuuN 3. SUDFILE  REGANAL CASNGT 1. 0000 k@ 7 {8 1.528
K 015 NVAR ., nse 002 KSELS .00t WSERATID . 990
CROSS} 1,523 CRO552 015 CROSS3 3.988 CROSS4 023 CROSSS b.412
CROSSA 060 RLS2 .135 KsQ 000 NVARSD 18, RSQS0 .99
CONTENTS OF CASE NUNBER @4 :

SEQHUN 18 SUBFILE  REGANAL CASHET 1.0000 RSQ 497 RL 1.528
X 035 KVAR 4 N3E Rud) NSELS 00 KSERATIO 430
CROSSY 1.523 CRysS2 033 CROSSI 3.9¢8 Ce0ssy .053 CLROSSS b.112
CROSSS J40 RLSE 2,335 141 2001 RVARSQ 16, RS0S8 BAL
CCNTENTS OF CASE NUNPER 85

SEQNUM 8s. SUFFILE  REGANAL CASNGT 1.0000 RSQ 419 L 90.523
14 0 NvAR 4 HSE 56.267 NSELS 54,282 NSERATID L.¢oo
CROSS1 56.034 LrNSS2 ¢ CROSS3 2,478 CROSSY 0 CRO5SS 362,092
CROSS6 0 RLSO 8190, 414 58 0 RVARSQ 18, RSOSQ .383
CONTENTS OF CASE NUMBER B3

SEamm 8s. SUCFILE  REGANAL CASNGT 1.0000 RSQ 649 fL 90.523
K 015 NYAR i HSE 4.570 NSELS 56,282 NSERATIO 12,311
CROSSI 55.034 cress? 009 CFOSS3 2,476 LROSSA 1,350 CROSSS 382.092
(Y 080 RLSD BI9h. 454 K5 000 KVARSQ 1. RSASQ 383
CONTENTS OF CAST WUMKER g7

SEaNUY 87. SUMILE  REGANAL CASKBT 1. 0000 50 19 RL §50.523
K 030 NVAR 4 R3E L4 WSFLS 56,262 NSEPATIO 21,489
CROSSI 56,034 CROSS2 019 Crasss 24 CROSS4 2.716 CROSSS 362,092
CROSSS .120 RLSE * 8194414 kS0 00 KVARSE 18, RSQSA .383
CONTENTS OF CASE WUMBER €8

SEQNUN 88. SUFFILE  REGANAL CASHGT §.0000 RSQ .819 RL 96.523
4 000 HUaR LB ¥SE 2.457 NSELS 56,282 NSERATIO  27.359
CROSST 56,034 CROZS2 023 CROSSY 2,478 (RASSA 182 CROSSS 182,092
CRO3SS 160 RLSO BISL. 4NN Kse 002 NVARSQ 14, RSOSO 383 g

COMICNIS OF CASE KUMEER B9

Stonum B SUME REGMAL  OWGT Loose o a5 R %.57) '1
X 0 wm Lo WIS S WS gm0 1000 i
BOSST 70905 caoss: 0GOS S0 hosse o 0SS5 342,072 i
tR0SS U T L o W TR 1Y 723 :
, CONTENTS OF CASE NUMBER 9
SEonm 0. SRFLE RGN OISV Leg geg & R 9.323 :
X M5 e Lo CHORES NS NSEATID 17,555 L
UOSSEONS WO 3OS S0 oS fs s Jeon !
L N Y B T R T RIT 00 RaRs TR a2 j

94
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A

CONTENTS OF CASE NUMRER

SEONUN 9.

4 .025
CROSSt 18,945
CROSSS 100
CONTENTS OF CASE NUNKER
SEQUUN 92.

X - .03%
CROSSH 76.945
CRDSS6 140
CONTENTS OF CASE NUMBER
Seouu 9.

K 0
CROSS| 90.432
CROSSS 0
CONTENTS OF CASE NUMBER
Seanu 9%,

4 015
CROSSY 90.432
CROSSS 040
CONTFNIS OF CASE NUMPER
SEONUN 95.

K 023
CROS34 90,432
CROSSA 100
CONTCRTS OF CASE NUMBER
SEONUM 9.

X 040
CROSSI 90.432
CROSS 160

CONTENTS OF CASE MUMBER

SEGNUN 97.

X 0
CROSS) 5. 740
CROSS6 - 0
CONTENTS OF CASE NUMBER
SEQNUN 90.

X .0t5
CROSSH 5,740
CROSS4 .040
CONTENTS OF CASE NUMBER
SEONUN 9.

X 030
CROSSI 5.740
CROSSS 120
CONTCNTS OF CAST HUMRER
SEQNUN 100.

K 040
Cr0SS1 5.0
CROSSS 160

91
SURFILE
NVAR
CRGSS2
ALse

92
SUBFILE
NVAR
CROSS2
RLS@

93
SURFILE
NVAR
£nass2
kLSO

94
SUDFILE
NVAR
CROGS2
RLSQ

95
SULFILE
RVAR
Cr0SS2
RLSQ

9%
SURFILE
NVAR
CRO352
ALSO

§7
SUBFILE
NVAR
CROSS2
RLSQ

98
SUBF ILE
HVAR
CRO5S2
RLED

9
SURFILE
NVAR
CROSS2
RS0

100
SUKFILE
NvaR
CRNSS2
ALSQ

REGANAL
L8
.021
8194414

REGANAL

. .
.030

8194414

REGANAL
4,
0

aI9a. 414

REGARAL
i
,015
8194414

REGANAL
L,

025
8194, 414

REGANAL
4,
010
8194,414

REGANAL
4
0
69.808

REGANAL
LN
.010
49,806

REGAXAL
LB
.o
49.806

FEGANAL
\.
0
89,806

CASNGTY
NSE
CRrOSSS
Ks@

CASNGT
NSE
CROSS3
Ks@

CASKGT
RSE
CROSS3
XsQ

CASHET
NSE
CROSS3
Ko

CASWGT
NSE
CROSS3
KSg

CASHGT
MSE
CRO3S3
KS9

CASHEBT
RSE
CRISSS
ks

CASEGT
KSE
CROSSS
Ks@

CATHGY
NSE
CRO5S3
Ks@

CASHET
HSE
CK0SS3
ks

1, 0009
151
3. 400
. 001

1.0000
973
3.400
. 001

1.0000
08¢
3.9%

1,0000
. 006
3.99%
.000

§. 0000
,004
3.99
001

1.0000
.003
3,994
002

1.0000
3.087
2.748

1.0000
1.038
2.748

,000

1. 0000
1.330
2.748

001

1.0000
1.17%
2.748

.002

95

RSQ
NSELS
CROSSA
NVARSQ

RSQ
HSELS
CROSS4
NVARSQ

RSQ
KSELS
CROSSH
NVARSQ

RSO
HSELS
CROSSA
NVARSQ

RSQ
NSELS
CROSSA
NVARSQ

RS9
HSELS
CR0SS4
NVARSE

RS
K3ELS
(ROS54
NVIikSO

RS9
NSELS
CROSSH
KVARSQ

e

HSEL S
CROSSY
KVARSD

RSO
HSELS
£R0354
NVARSO

.850
14,325
2,283
1.

.850
14,325
J.168
16,

.999
. 064
0
18,

999
.04
1,358
18,

999
084
2,283
18,

.999
084
3.8
18,

.487
3.007

487
3.047
425
16,

47
J.047
251
ts.

487
300
AL
té.

RL
NSERATIO
CROSSS
RSQS5Q

RL
MSCRATIO
CROSSS
RSOSQ

RL
NSERATIO
CRDSSS
RS0S0

RL
NSERATIO
CROSSS
RSOSQ

RL
NSEPATIO
CROSSS
RSOSQ

RL
HSERATIO
£R0555
RSSO

RU
NSERATIO
CROSSS
/5050

L
NSERATIO
CROSSS
RSQSO

RL
NSERATIO
CROSSS
RSQSQ

RL
NSERATIO
CROSSS *
RS0S0

90.523
19.075
J82.0%2
J

90.523
25,000
362,092
12

90.523
1.000
362.092
998

§0.523
10,467
342.092
998

90.523
14.000
362,072
.998

90.523
21.233
182,092
.98

8.355
1.000
33.420
A7

8.355
1.6%8

. 33,420
2

8.395
.91
33.420
A2

8.355
2.704
33.420
A




CONTENTS OF CASC NUMBER

SEQHUN jo1.
X 0
CROSSE 6.888
CROSSH ]
CONTENTS OF CASE NUMBER
SEQHUR - 102,
K 005
CKOSSH 8.0868
CROSSE .020
CONTENTS OF CASE NUMRER
SEQNUN 103,
L4 020
CRCSSt 5.048
CROSSS .080
CONTENTS OF CASE NUMBER
SEQNHUN 104,
K 040
CROSSH 5.568
CROSSS 180
CONTENTS OF CASE NUMBER
SeQnm 103.
K 0
crosst 8.318
CROSSA 0
CONTENTS OF CASE NUMEBER
SEQNUN 108,
K .005
CROSSY 8.318
CROSSS .020
COUTENTS OF CASE NUNBER
SEGHNUN 107,
K 025
CROSSE 8.338
CROSSH 100
CONTENTS OF CASE NUMRER
SEQNU 108.
K .045
CRasst 8.318

CRO556 .180

101
SUBFILE
NVAR
CR0SS2
RLSQ

102
SURFILE
NVAR
CROSS2
RLSQ

103
SUPFILE
RVAR
CROSS52
RLSQ

104
SUBFILE
NVAR
CRO%S2
RrLS@

105
SURTILE
NVAR
CROSS2
aLsa

196
SUTTILE
NVAR
(RSS2
RLSO

107
CITFILE
NVAR
CROSS2
ALSe

108
SURFILE
NVAR
CPOSS2
RLSQ

REGANAL
L.
L]
89,808

REGANAL

LB
004
49.806

REGANAL
i,
018
49,808

REGANNL
i
01
49,606

REEARAL
4.
0
69.806

REGANAL
i
005
69,808

REGANAL
LR
025
49,808

REGARAL
L.
045
§9.808

CASHGT
NSE
£R0SS3
kS0

CASET
HSE
CROSS3
ks@

CASEGT
HSE
CRD3S3
KS@

CASWET
MSE
0553
¥s0

CASVGT
NSE
Cr0O5S3
Kse

CASNGT
NSE
€ROSS3
¥so

CASHGT
HSE
(k0583
KS@

CASHGT
NSE
CROSSI
Kse

1.0000
1,354
3.288

§.0000
1,105
3.208
000

1.0000
re]
3.288
000

1.0000
.S0t
3.268
.002

1. 0000
014
3.992
0

1.0000
.01
3.992
000

1.0000
.N07
3.992
.001

1.0000
006
3.7
.002

96

RSO
neELs
CRO5SA
NVARSQ

RSO
RAELS
CRNSSA
NVARSE

R%0
HSILS
(RUSS4
NVARSQ

RSQ
HSELS
CrOs54
NVARSQ

RSQ
NSELS
CROSS4
NVARSE

RSQ
NSELS
CROSSA
NVARSE

RSR
RSELS
Cross4
NVARSQ

RS0
NSELS
(RO3SH
KVARSE

.822
1,334

822
1,334
042
16,

822
1.3

C 187

16.

822
1.354
I3
16,

.998
014

16,

.998
o
.042

18.

.998
0t
.209

18.

.998
01
376

1.

Rt
NSEPATID
CROSSS
RSOSQ

fL
NEERATIO
CROSSS
RSQSe

L
NSERATID
CROSSS
RSSO

RL
NSERATIO
CROSSS
RS0S9

RL
NSERATIO
CROSSS
RSQSQ

RL
HSERATIO
CROSSS
RS0SQ

RL
NSERATID
CROSSS
RSQSQ

RL
NSERATIO
CROSSS
RS0S0

8.355
1,000
33.420
N

8.35%
1225
33.420
.76

8.355
1.6¢8
33.420
876

8.155
2.703
33.420
874

8.355
1.090
33429
.99

8,355
1.213
33.420
996

8.355
2.000
33.420
996

8.335
2,113
13.420
996




VITA

James Richard Makin was born 30 May 1950 in Wash-
ingtoﬁ, D.C. He graduated from high school in Bel Air,
Maryland in 1968 and attended Drexel University from which
he received the degree of Bachelor of Science in Commerce
and Engineering in June 1973. Upon graduation, he received
a commission in the United States Army through the ROTC

program and was called to active duty in July 1973. He

completed the Infantry Officer Basic Course and airborne
training prior to being assigned to the 9th Infantry Divi-
sion, Ft. Lewis, Washington in February 1974. During this
assignment he performed duties as platoon leader, executive
officer, company commander, maintenance officer and others.
He completed the Ordnance Officer Advanced Course in
December 1979 and subsequently served as tank/automotive
maintenance officer of the 2d Infantry Division, Camp
Casey, Korea until entering the School of Engineering, Air

Force Institute of Technology, in June 1980.

' Present address: 27 Brooks Road
Bel Air, Maryland 21014
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